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Abstract 

 

The generation and transmission maintenance scheduling (GTMS) problem, in a 

competitive electricity market environment, presents electricity utilities 

scheduling their facilities for maintenance to improve productivity and maximize 

profits, and an independent system operator (ISO) pushing for maintenance 

schedules (MS) of generators and transmission facilities that keep the system 

reliability and minimizes operation cost. Thus, the GTMS is inherently a high-

dimensional, non-linear, non-convex, and multi-objective optimization problem 

that contains mixed integer-real variables and conflicting objectives related to 

the goals of the different parties in the market.  

 

The GTMS problem is crucial in power systems operation and planning due to the 

increasing complexity of today’s power grid, the aging of current operating 

electricity facilities, and the increasing share of renewable energy in the network 

and the market. In that sense, this thesis proposes to solve the GTMS problem 

using hybrid models that combine in a novel way multi-objective evolutionary 

algorithms (MOEAs) and classical optimization techniques to obtain a set of 

feasible non-dominated MS solutions. 

 

These hybrid models solve the GTMS problem in systems with thermal, hydro, and 

wind generation, handling maintenance and operation variables separately and 

sequentially, considering transmission congestion and losses, the opportunity cost 

in the future of water stored in reservoirs, the stochastic nature of wind 

generation and the impact of MS in electricity prices in the market. The models 

used match accepted industry maintenance practices with cutting-edge 

optimization techniques developed in the academia.  The models are evaluated in 

the IEEE-RTS 24 test system, complemented with hydro units and wind farms 

belonging to two Bolivian electricity utilities. GENCO’s profits, system adequacy, 

and operation costs are used as objective functions, and their conflicting 

relationships are evaluated in the obtained set of MS solutions. Finally, the models 

allow the ISO to use this set to identify the best MS solution using the technique 

for ordering preferences according to similarity to an ideal solution (TOPSIS) 

decision-making tool. 
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List of Symbols 

The symbols listed below are reserved for a specific use, unless specified 

otherwise in any section where their meaning is different. Other symbols may be 

used throughout the dissertation in an unreserved fashion. 

 

Symbol Meaning 
 

Indices 

𝑖 Hydroelectrical generation unit 

𝑗 Thermal generation unit 

𝑏 Demand block or sub-period of demand 

𝑙 Transmission line or transformer 

𝑒 Water reservoir 

𝑡 Period of analysis (week) 

𝑛 Electrical node or bus 

Sets 

𝛷ீ Set of generation units owned by GENCO 𝐺 

𝛩௘ Set of hydro units upstream to reservoir 𝑒 (Hm3) 

𝛹௘ Set of reservoirs upstream to reservoir 𝑒 (Hm3) 

𝛷௘ Set of hydro units connected to reservoir 𝑒 (Hm3) 

Variables 

𝑉௝,௧, 𝑊௝,௧ Availability binary variables of thermal unit 𝑗 at time 𝑡 

𝑥௝
௚ Maintenance starting time of thermal unit 𝑗  

𝑋௝,௧
௚  

Thermal unit 𝑗’s binary intermediate availability variable at 

time 𝑡 

𝑃௝,௧
௚ Power output of thermal unit 𝑗 at time 𝑡 (MW) 

𝑃௝,௕,௧
௚  Power output of thermal unit 𝑗 in subperiod 𝑏 at time 𝑡 (MW) 

[𝑃௚]௧ 
Vector of power output of thermal generation units at time t 

(MW) 

𝑥௜
௛ Maintenance starting time of hydroelectrical unit 𝑖  

𝑋௜,௧
௛  

Hydroelectrical unit 𝑖 binary intermediate availability variable 

at time 𝑡 
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𝑃௜,௧,௕
௛  

Power output of hydroelectrical unit 𝑖 in subperiod 𝑏 at time 𝑡 

(MW) 

[𝑃௛]௧ Vector of power output of hydro generation units (MW) 

𝑢௜,௕,௧ 
Hydroelectrical unit 𝑖 water discharge in subperiod 𝑏 at time 𝑡 

(Hm3) 

𝑣௘,௧ Final volume of reservoir 𝑒 at time 𝑡 (Hm3) 

𝑣௘,௧
௢  Initial volume of reservoir 𝑒 at time 𝑡 (Hm3) 

𝑠௘,௧ Water spilled of reservoir 𝑒 at time 𝑡 (Hm3) 

𝑦௟ Maintenance starting time of transmission line 𝑙 

𝑌௟,௧ 
Transmission line 𝑙’s binary intermediate availability variable at 

time 𝑡 

𝑓௟,௧,௕ Line 𝑙 real power flow in subperiod 𝑏 at time 𝑡 (MW) 

[𝑓]௧ Vector of transmission lines real power flows at time t (MW) 

𝑓௟,௧
௟௢௦௦൫𝑃௝,௧

௚
൯ 

Network power losses at time 𝑡 as a function of generators 

power output (MW) 

𝑓௡,௧
௟௢௦௦൫𝑃௝,௧

௚
, 𝑃௜,௧

௛ ൯ 
Transmission losses at time 𝑡 as a function of generators power 

output assigned as additional loads to each node (MW) 

𝑓௟,௕,௧
௟௢௦௦ Line 𝑙 losses in subperiod b at time t (MW) 

[𝑓௟௢௦௦]௧ 
Vector of transmission losses assigned as additional loads to 

each node at time 𝑡 (MW) 

[∅] Power Losses Auxiliary Matrix 

[𝜑] Nodal power losses sensitivity matrix 

𝜏௕,௧ Electricity price in subperiod 𝑏 at time 𝑡 (US$/MWh) 

𝜏௡,௕,௧ Electricity price in node 𝑛 in subperiod 𝑏 at time 𝑡 (US$/MWh) 

𝜏௡,௧ Electricity spot price in node 𝑛 at time 𝑡 (US$/MWh) 

𝑁𝐹௡,௧ Penalty factor at node 𝑛 at time 𝑡 

𝑁𝐹௡,௕,௧ Penalty factor at node 𝑛 in subperiod 𝑏 at time 𝑡 

𝛼(𝑣௧ାଵ) 
Cost to go Function in the future for using water in the present 

(US$) 

𝜆 Lagrange multiplier Variable (US$/MWh) 

[𝜏]௧ Nodal prices vector in subperiod 𝑏 at time 𝑡 (US$/MWh) 

[𝜏]௕,௧ 
Vector of Nodal Energy Prices during subperiod 𝑏 at time 𝑡 

(US$/MWh) 
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𝜋௕,௧ System marginal cost during subperiod 𝑏 at time 𝑡 (US$/MWh) 

[𝜋]௕,௧ 
Vector of System Marginal Cost during subperiod 𝑏 at time 𝑡 

(US$/MWh) 

𝑁𝐹௡,௧ Nodal Penalty Factor in node 𝑛 at time 𝑡 

[𝑁𝐹]௕,௧ Vector of Nodal Penalty Factors during subperiod 𝑏 at time 𝑡 

𝜇௟,௧ Congestion cost of line 𝑙 at time 𝑡 (US$/MWh) 

[𝜇]௕,௧ 
Vector of transmission lines congestion cost during subperiod 𝑏 

at time 𝑡 (US$/MWh) 

𝜗௘,௧ାଵ Water cost-to-go dual multiplier at time 𝑡 + 1 (US$/Hm3) 

𝑀𝑆௧ Market merchandising surplus (US$) 

𝑈௧ 
Uplift or extra cost of operating a constrained electricity 

system (US$) 

𝐸௧
௨ 

Payments made in an unconstrained electricity market by 

DISCOs (US$) 

𝐸௧ 
Adjusted payments made in a constrained electricity market by 

DISCOs (US$) 

𝑅௧
௨ 

Revenues made in an unconstrained electricity market by 

GENCOs (US$) 

𝑅௧ 
Adjusted revenues made in an constrained electricity market by 

GENCOs (US$) 

𝛥𝑅௧ 
Extra revenues made by GENCOs in a constrained electricity 

market (US$) 

𝐹௧
௨ Unconstrained system operation cost (US$) 

𝐹௧
௖ Constrained system operation cost (US$) 

𝐹ଵ Adequacy Index (%) 

𝐹ଶ System total operation cost (US$) 

𝐹  Profits of GENCO 𝐺 (US$) 

𝑑௠ Diversity Measure 

𝐷ெ Diversity Performance Metric 

Parameters 

𝑀 Total Number of Objective Functions 

𝐻 Number of reference points of the NSGA III method 

𝑁𝑝 Number of individuals in the population 

𝑝 Number of partitions considered along each objective function 
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𝑝௖ Crossover probability 

𝑝௠ Mutation probability 

ℎ(𝑖) Diversity Array 

𝜂௖ Crossover probability distribution index 

𝜂௠ Mutation probability distribution index 

𝑢 Random Number between [0, 1] 

𝑢′ Integer Random Number 

𝑑௝
௚ Duration of maintenance of thermal unit 𝑗 

𝑠௝
௚ Earliest start of maintenance of thermal unit 𝑗 

𝑘௝
௚ Latest start of maintenance of thermal unit 𝑗 

𝑑௜
௛ Duration of maintenance of hydroelectrical unit 𝑖 

𝑠௜
௛ Earliest start of maintenance of hydroelectrical unit 𝑖 

𝑘௜
௛ Latest start of maintenance of hydroelectrical unit 𝑖 

𝑑௟ Duration of maintenance of line 𝑙 

𝑠௟ Earliest start of maintenance of line 𝑙 

𝑘௟ Latest start of maintenance of line 𝑙 

𝑃௡,௕,௧
௥  

Renewable generation in node 𝑛 during subperiod 𝑏 at time 𝑡 

(MW) 

𝑃௡,௧
ௗ  Power Demand at node 𝑛 at time 𝑡 (MW) 

𝑃௡,௕,௧
ௗ  Electricity demand at node 𝑛 in subperiod 𝑏 at time 𝑡 (MW) 

𝑃௕,௧
ௗ  Electricity demand in subperiod 𝑏 at time 𝑡 (MW) 

𝑃௡,௧
ௗ,௠௔௫ Maximum electricity demand in node 𝑛 at time 𝑡 (MW) 

𝑃௧
ௗ,௠௔௫ Maximum electricity demand at time 𝑡 (MW) 

𝑃௝
௚,௠௔௫ Maximum generation output of thermal unit 𝑗 (MW) 

𝑃௝
௚,௠௜௡ Minimum generation output of thermal unit 𝑗 (MW) 

𝑃௜
௛,௠௔௫ Maximum generation output of hydroelectrical unit 𝑖 (MW) 

𝑃௜
௛,௠௜௡ Minimum generation output of hydroelectrical unit 𝑖 (MW) 

𝛽௡௟ Sensibility Matrix row corresponding to node 𝑛 

[𝛽]௧ Sensibility matrix at time 𝑡 

𝑟௟ Resistance of transmission line 𝑙 (pu) 

[𝑟] Vector of resistances of transmission lines and transformer (pu) 
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[𝑆𝑔] 
Incidence matrix that relates nodes and generators in the 

system 

[𝑆𝑡] 
Incidence matrix relating connections with their respective 

nodes 

𝑓௟
௠௔௫ Maximum capacity of transmission line 𝑙 (MW) 

𝑓௟
௠௜௡ Minimum capacity of transmission line 𝑙 (MW) 

𝑣௘
௠௔௫ Maximum volume at reservoir 𝑒 (Hm3) 

𝑣௘
௠௜௡ Minimum volume at reservoir 𝑒 (Hm3) 

𝑢௜
௠௔௫ Maximum water turbinated of hydroelectrical unit 𝑒 (Hm3)  

𝑢௜
௠௜௡ Minimum water turbinated of hydroelectrical unit 𝑒 (Hm3) 

𝑎௘,௧ Water inflow in reservoir 𝑒 at time 𝑡 (Hm3) 

𝐺 Number of Generation Companies 

𝑁 Number of nodes in the system 

𝑁𝑔 Number of thermal generation units 

𝑁ℎ Number of hydroelectrical generation units 

𝑁𝑙 Number of transmission lines 

𝑁𝑒 Number of reservoirs considered 

𝑁𝑏 Number of demand sub-periods considered 

𝑇 Duration of the period under analysis 

𝐶଴ ௝,𝐶ଵ௝, 𝐶ଶ௝ 
Generation cost curve coefficients of unit 𝑗 given in (MBtu/h), 

(MBtu/MWh) and (MBtu/MW^2h), respectively 

𝐵௝,௞, 𝐵௢௝, 𝐵௢௢ Transmission network loss coefficients 

𝑐௝
௙ Thermal unit 𝑗 fuel price (US$/MBtu) 

𝑐௝
௚ Unit 𝑗 marginal generation cost (US$/MWh) 

𝑐௝,௕
௚  Unit 𝑗 marginal generation cost during subperiod 𝑏 (US$/MWh) 

𝑐௘,௧
௦  Water Spilled cost in reservoir 𝑒 at time 𝑡 (US$/Hm3) 

𝐶௝,௧
௚  Maintenance cost of thermal unit 𝑗 at time 𝑡 (US$) 

𝐹𝐶௝,௧ Fixed Cost of thermal unit 𝑗 at time 𝑡  

𝑇௕,௧ Duration of sub-period 𝑏 at time 𝑡 (hrs) 

𝑅௠௜௡ Minimum reserve margin (MW) 

𝑁௠௜௡ Minimum number of units available 

𝜌௜ Productivity factor of hydro unit 𝑖 (MW/Hm3) 

𝑆𝑅௕,௧ Percentage of spinning reserve during subperiod 𝑏 and time 𝑡 
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CHAPTER 1 

 

INTRODUCTION 

 

1.1 Background 
 

In today’s electricity markets, cutting operations and maintenance (O&M) costs 

and preserving service security and adequacy are among the top priorities for 

network operators and planners, energy authorities, and electricity companies. 

On the other side, electricity network assets’ health and proper operation require 

constant monitoring and routine preventive maintenance to increase their life 

span. Maintenance timing and duration are critical parameters that define 

maintenance and operation costs. In that sense, how much maintenance do assets 

require involves a trade-off: too much of it and the facility becomes uneconomical 

to own, too little of it and the facility runs at the risk of breaking down involving 

expensive overhaul works. It is perceived that careful planning and good 

coordination among electricity utilities and system operators in a restructured 

power system, are essential to determine a maintenance schedule of electricity 

facilities that guarantee an optimal trade-off between utilities’ cost reductions 

and electrical service reliability. 

 

Electricity utilities have evolved from a reactive ‘‘break and fix” towards a 

preventive maintenance approach [1]. The business-as-usual practice of 

preventive maintenance is equipment being replaced or overhauled as they age 

or on a schedule recommended by their manufacturers. This approach has been 

facilitated by many maintenance systems developed for the purpose, which 

consider important network planning aspects as well. In the quest to continually 

reduce the cost of asset maintenance, new asset management technologies offer 

realistic and tangible near-term benefits, but not without navigating and 

overcoming some hurdles related to assets monitoring. This progress in assets 

management techniques leads to predictive maintenance practices based on 

condition monitoring technologies. Predictive maintenance is a big step forward 

in the evolution of asset management and involves moving from planned 
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preventive maintenance to a state where required maintenance is predicted, and 

course of actions are prescribed by asset-tracking systems. There are clear gains 

for utilities to move in this direction, such as (i) getting ahead of equipment 

failures to avoid major breakdowns, outages, or replacement of perfectly good 

parts when not required, (ii) having a greater understanding of what kind of 

maintenance is required and the personnel and tools needed to perform it. Asset 

focus maintenance systems of this calibre provide knowledge that drastically 

improve repair time and effectiveness. However, electricity assets preventive 

maintenance deals with power system planning and operation, while predictive 

maintenance is more asset-focused.  

 

Generation and transmission maintenance schedule is an important part of a 

power system operation planning. In centralized electric power systems, 

traditional maintenance is determined by the system operator and imposed on a 

single utility that handles the generation, transmission, and distribution of 

electricity in a system. Maintenance programs in this structure rely heavily on 

duration, timing, costs, and manufacturer recommendations. After the 

restructuring of the power industry in many countries, vertically integrated 

utilities were divided into several generation (GENCO), transmission (TRANSCO), 

and distribution companies (DISCO), which compete in an electricity market to 

supply the demand. In this competitive electricity market environment, each 

utility determines its maintenance schedule considering its particular interests, 

related to assets overhaul and replacement, to achieve profit maximization. This 

makes maintenance scheduling of electricity facilities more challenging. 

Considering the broad array of assets for which utilities are responsible — 

transformers, transmission lines, generators, protective devices — and the risks 

associated with asset failure, a reliable maintenance strategy is a priority for the 

electricity industry. As a consequence, it is the task of the Independent System 

Operator (ISO) of the network to ensure that the maintenance scheduling 

programs proposed by utilities do not conflict with each other and put at the same 

time at risk the reliable supply of electricity to the final consumers at the 

minimum cost.  

 

This thesis focuses on preventive maintenance scheduling of generating units and 

transmission facilities, the most important parts of electric power systems, in a 
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market environment. Preventive maintenance is perhaps the single largest 

controllable cost for utilities and a factor that determines the adequate and 

secure supply of electricity to final consumers. In that sense, the thesis tackles 

the maintenance scheduling problem to allow utilities to make profits, ensure 

equipment availability and up-time, improve the adequate supply of the 

electricity service, and most importantly, reduce the system operation costs. 

While the maintenance scheduling problem is dealt considering the impact of 

renewable energy and its effect on market prices, the proposed solution does not 

consider voltage and frequency stability issues.   

 

1.2 Drivers for Better Maintenance Scheduling Techniques 
 

The electrical industry is one of the largest and most capital-intensive sectors of 

the economy of every country. What is more, the electric power generation and 

transmission industry is changing rapidly. A shift in ownership has occurred from 

regulated utilities to competitive suppliers. Furthermore, cleaner and more fuel-

efficient power generation technologies are becoming available and their impact 

on the energy supply needs to be considered. In that sense, the present research 

has been defined considering the following motivations. 

 

1.2.1 Deregulated electricity market 

 

The restructuring of the electric power industry has resulted in market-based 

approaches for unbundling a multitude of services provided by self-interested 

entities such as many GENCOs and DISCOs, few TRANSCOs, an ISO. As these entities 

operate in a deregulated electricity environment, market competition has created 

additional challenges for them to choose proper operational planning procedures 

for scheduling their equipment maintenance [2]. The choice must consider 

coordination between long-term and short-term maintenance schedules. It must 

also take into account complex cost-revenue trade-offs related to evaluating the 

impact of maintenance outages on the finances of electricity utilities and in the 

secure and adequate operation of the system.  
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There is an increasing need to apply mathematical numerical methods to 

coordinate the maintenance of electricity facilities belonging to different 

electricity companies, which are competing in an electricity market. To do so, 

complete datasets related to electricity assets and companies’ policies are 

needed, representing a huge amount of information. As electricity utilities are 

separated and have different interests, this information may be unattainable or 

quite difficult to acquire. What is more, electricity utilities may be unwilling to 

share or report their sensitive information as it is not strategically correct to do 

so, but the information may be important for safekeeping the secure supply of 

electricity to final consumers.  

 

Therefore, mathematical multi-objective and classical optimization techniques 

based on decomposition methods are advantageous to develop acceptable 

maintenance strategies and support the ISO on deciding the best maintenance 

schedule for the whole system. This is possible because of the dramatic 

improvements in computing technology in recent times, that have allowed power 

engineers to solve large-scale complex problems efficiently. In this way, a 

maintenance scheduling strategy can be developed for the whole electrical system 

so that end users can enjoy a reliable and cheap supply of electrical energy. 

 

1.2.2 Power system adequacy and security 

 

Many countries are facing huge costs associated with electricity supply 

disruptions, which have a great impact on the Loss of Load Probability (LOLP) or 

Energy not Supplied (ENS) indicators, as well as the level of investment needed to 

maintain and upgrade their electricity assets. 

 

The reliability of a power system can be interpreted as satisfying two major 

functions: adequacy and security. A system is adequate when the amount of 

capacity of resources to meet the peak demand is available at all times. On the 

other side, a system is secure when the system can withstand changes or 

contingencies on a daily and hourly basis. 
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To ensure the security and adequacy of a power system, electricity generation 

and transmission assets must be kept working properly. Because of the expected 

near-term retirement of many aging generators and transmission lines, many 

utilities in the world face a significant need for continuous maintenance of existing 

facilities and the replacement or overhaul of ageing ones. Large electricity 

utilities may invest significantly in refurbishing and replacing existing assets [3]. 

 

For instance, according to the U.S Department of Energy, it is estimated that 

power quality disturbances and outages cost the economy from US$25 to US$180 

billion annually. These costs could soar if they become more frequent or of longer 

duration, especially due to the replacement or maintenance of old equipment [4]. 

It is estimated that the U.S. network worth almost US$ 876 billion, thus 

modernizing it would cost hundreds of billions of US$. With nearly 75% of 

transmission lines and transformers are 25 years or older, outdated infrastructure 

is frequently cited as the biggest threat to the US energy supply. The American 

Society of Civil Engineers (ASCE) estimated in 2011 that maintaining this 

infrastructure would require $673 billion of new investment by 2020 [5]. 

 

Furthermore, The Telegraph reported that coal power plant breakdowns and low 

wind power outputs force National Grid Company (NGC) in the UK to pay for dozens 

of businesses to reduce their energy usage [6]. Britain was forced to rely on last 

resort measures to keep the lights on for the first time on the 4 of April 2018 after 

coal power plants broke down and wind farms produced less than 1% of the 

required electricity. NGC blamed the power crunch on “multiple plant 

breakdowns”. Several aging coal-fired power plants had unexpected maintenance 

issues and temporarily shut down, reducing available supplies. 

 

What is more, the International Electrotechnical Commission’s (IEC) Strategic 

Assessment of Power Networks White Paper [7], has surveyed electricity networks 

in many countries to get a snapshot of the age of their assets. The results are 

shown in Figure 1.1. 
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           Developing Nations       Developed Nations 

Figure 1.1 Typical electricity asset’s age around the world (years) [5]. 

 

As it can be seen, 25% and 17% of electrical equipment are between 21-25 years 

old in developing and developed nations, respectively. Furthermore, much of the 

electrical equipment is more than 25 years old. Considering that transmission  

lines and electrical generators life span are around 25 to 30 years, it possible to 

say that electricity facilities around the world are reaching their useful life and 

will need overhauls, more frequent maintenance and even complete replacement. 

As a result, a new framework needs to be developed so that these activities can 

be done while preserving the security and adequacy of the system. 

 

1.2.3 Impact of renewable energy 

 

Many networks in the world have been designed primarily for transmitting 

electricity from distant large conventional power plants, like coal and natural gas, 

to load centres. However, today new technologies are making this approach to 

electricity transmission increasingly outdated. Electrical energy is now being 

produced by many types of renewable sources, like solar and wind, and the grid 

needs to adapt to accommodate them. This is especially crucial as renewable 

energy continues to boom and solar and wind power grow rapidly across the world. 

If current power systems is lack behind, countries could run under the risk of over-

relying on conventional sources of energy rather than taking the advantage of 

renewable energy sources that meet energy demand with cleaner energy. This 

involves taking parts of the network out of service for replacement and overhaul 

works, that require time and may affect the reliability of the energy supply.  
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On the other side, renewable energies also have a significant impact on energy 

security due to the stochastic nature of their electricity generation. Since the 

recent developments of renewables worldwide are extremely rapid, it is 

imperative to analyse how the variability of their generation can impact the 

energy security to supply the demand, especially considering situations when 

several electricity facilities are going through maintenance coincidently.  

 

The benefits of renewables are significant. They can diversify the energy mix and 

the sources of supply, localize energy production, and reduce import requirements 

and costs. Renewables have less complex supply chains and are fuel-free 

technologies that reduce CO2 emissions and long-term price volatility. According 

to [8], the growth of renewable energy in Europe since 2005 has led to the 

reduction of natural gas domestic production and imports from foreign markets as 

shown in Figure 1.2. This trend is expected to continue in the future. 

 

 

Figure 1.2 Production of renewable energy and natural gas in OECD Europe 

(2005-2020). 

However, the dependency on large shares of renewable energy sources implies a 

paradigm shift for the secure supply of electricity. The classical risks associated 

with fossil fuels are replaced by risks related to the availability of natural 

resources such as water, biomass, wind, and sunlight. For instance, hydropower 

faces annual variations in precipitations, and it is exposed to the risk of droughts. 

The fluctuating availability of wind and sunlight leads to more rapid and 

pronounced swings in the electricity produced from these sources and a 

challenging demand balance of the whole system. The rapid rise of renewable 

generation sources is adding new challenges for maintaining system reliability and 
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in the required adaptation of the existing electrical infrastructure to these 

situations. This last issue may demand long periods of overhaul and replacement 

of electricity assets, which will have a critical impact on the reliability of the 

system. 

 

1.3 Objectives 
 

A new framework is required to coordinate long-term maintenance activities 

among different utilities and the ISO in deregulated electricity markets, where 

different types of generation technologies are being used, especially renewables 

which generate clean energy with a great variability characteristic. This 

coordination of the multiple interactions among the utilities and the ISO is critical 

to avoid that scheduled outages of the elements of the network and/or 

unexpected low level of generation from renewable energy sources put the 

reliable supply of electricity to consumers and sensitive loads at risk. 

 

1.3.1 Overall aim 

 

The overall aim of this project is to develop a singular approach to solve the long-

term generation and transmission maintenance scheduling (GTMS) problem in a 

deregulated electricity market environment, by combining in a novel way classical 

optimization techniques with Multi-Objective Evolutionary Algorithms (MOEA) and 

that considers a profitable operation of GENCOs in the market, allows the ISO an 

adequate operation of the grid at the minimum cost, is robust against renewable 

energy uncertainties and permits the identification of the best maintenance 

schedule (MS) considering the electricity industry present practices. 

 

1.3.2 Specific objectives 

 

The specific objectives to achieve the above aim are the following: 

 

a) To understand and combine different classical and multi-objective optimization 

techniques to develop a generation and transmission maintenance scheduling 

tool or model. 
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b) To determine the competitive relationship between the objectives of GENCOs 

and the ISO in a deregulated power system while determining feasible 

maintenance scheduling solutions for generators and transmission facilities. 

c) To evaluate the impact the generation and transmission maintenance schedules 

have over electricity prices in a deregulated electricity market. 

d) To consider the stochastic nature of wind generation and water inflows of 

reservoirs of hydroelectrical units during the development of the maintenance 

scheduling tool. 

e) To incorporate current electricity utilities practices in the maintenance 

scheduling tool to make it attractive to be used in the industry context. 

 

1.4 Thesis outline 
 

This introduction chapter is followed by six additional chapters, an appendix and 

reference sections.  

 

In Chapter 2, a literature review is presented, where different single and multi-

objective optimization techniques used, in the academia and in the electricity 

industry, to tackle different generation and transmission maintenance scheduling 

(GTMS) problems are described and analysed. 

 

Chapter 3 presents the mathematical formulation of the generation and 

transmission maintenance scheduling problem for the present research project, 

identifying the variables involved and describing the objective functions and 

constraints considered for three different scenarios. 

 

The newly proposed methodologies for solving the GTMS problem in the three 

scenarios is presented in Chapter 4, putting emphasis on the codification of the 

maintenance schedules (MS) solutions in the context of genetic algorithms, and on 

the strategy and code designed to solve the problem. 

 

Chapter 5 presents information regarding the three scenarios defined. The test 

networks, generation units’ technical characteristics, demand values, electricity 

facilities maintenance requirements and the parameters of the classical and multi-
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objective optimization techniques used to evaluate the methodologies to solve 

the GTMS problem are described in this chapter. 

 

In Chapter 6, an analysis of the numerical results obtained from applying the 

proposed methodologies to solve the maintenance scheduling problem in the 

different power system scenarios are shown. A description of the conflicting 

relationship among the objectives of various players in the electricity market, the 

methodology effectiveness for finding feasible non-dominated MS solutions, and 

the effect of these solutions in electricity prices is done.  

 

Finally, Chapter 7 present a summary of the research project findings, highlighting 

its contributions, and suggesting future work to be done in the field of 

maintenance scheduling of electricity facilities. 
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CHAPTER 2 

 

LITERATURE REVIEW 

 

This chapter begins with a discussion on the definition of maintenance and the 

various types of maintenance strategies. This is followed by a description of the 

electricity industry organization and typical activities carried out in a deregulated 

market environment. Next, the general modeling considerations for the GTMS 

problem in typical power systems problems are presented. A more substantial 

literature review follows on multi-objective optimization techniques, including 

objective functions’ normalization methods, constraints handling techniques, and 

genetic operators found in the literature. The chapter closes with a review of 

GTMS solution approaches applied so far in the literature and the industry, 

including the use of classical and multi-objective evolutionary algorithms (MOEAs) 

optimization methods. 

 

2.1 Maintenance 
 

Maintenance of engineering systems involves planned and unplanned actions 

carried out to keep, repair, overhaul or replace a facility to restore its operation 

to an acceptable condition [9]. The objective of maintenance is to ensure 

engineering systems availability, efficiency, and operation quality at a low cost to 

keep system lifespan, safety, low energy consumption, and to avoid the adverse 

effects of breakdown [10]. In electricity industry terms, poorly maintained 

generators and transmission facilities may lead to random breakdowns causing 

unavailability, loss of revenues, and electricity service interruption.  

 

There are a variety of classifications of maintenance in the literature according 

to strategic plans and philosophies [11]. The main types of maintenance involve 

an unplanned breakdown and planned preventive, condition-based and reliability-

centered maintenance as shown in Figure 2.1 [12]:  
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Maintenance 
Strategy 

Unplanned 
Maintenance

Planned 
Maintenance

Breakdown 
Maintenance

Preventive 
Maintenance

Condition-based 
Maintenance

Reliability centered 
Maintenance  

Figure 2.1 Classification of different types of maintenance activities [13] [11]. 

 

Unplanned breakdown or corrective maintenance takes place only after 

breakdowns have occurred or whenever a failure takes place. Corrective 

maintenance philosophy follows a ‘‘break and fix” approach and maintains the 

engineering systems or facilities by exception. However, this results in 

unscheduled downtimes and an increase in maintenance work effort. At the same 

time, it is very costly in terms of execution, it shortens the lifespan of equipment 

and, under hazardous system operation conditions, unpredicted failures that 

generate breakdown can be fatal.  

 

To avoid these issues, planned or preventive scheduled maintenance is designed 

to maintain electricity facilities at scheduled intervals throughout their lifespan. 

Maintenance is planned, according to manufactures’ recommendations, utilities’ 

operation and financial goals and planning requirements of the systems where the 

facilities belong too. Maintenance activities are dependent on the time when they 

start and on their duration. Depending on the size and technical characteristics of 

the facilities, and the complexity of the maintenance works, preventive 

maintenance may require many days, weeks, or months [13]. While this type of 

maintenance keeps and increases the lifespan of electricity facilities, it represents 

an important cost for utilities and presents a more planned-focused approach.  

 

To prevent these, it becomes necessary to predict the failure of components inside 

a facility sufficiently in advance, so that the performance of equipment can be 

optimized and enhanced, and maintenance expenditure can be reduced. These 

are the objectives of condition-based maintenance, which are fulfilled by constant 

facility monitoring to identify upcoming failures so maintenance can be 

proactively scheduled when it is needed and not before. To predict the failure 
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into the future, the maintenance system constantly monitors the facility 

symptoms, analyses their trends, and makes a decision as to the possible 

existence, location, cause, and severity of the fault. This condition monitoring 

feature triggers maintenance within a long enough time before failure, so 

maintenance works can be finished before the asset fails or its performance falls 

below an optimal level. To do this, an expensive but reliable means of facility 

condition monitoring and diagnosis system, capable of handling uncertain data and 

incomplete information, is used [13]. Even though the condition monitoring 

maintenance facility-focused approach improves the lifespan and operation of a 

facility, it involves unpredictable maintenance periods and cannot detect easily 

fatigue or uniform wear failures. 

 

Finally, reliability-centered maintenance is a concept of maintenance planning 

that ensures maintenance works are performed in an efficient, cost-effective, 

reliable, and safe manner. Its successful implementation leads to an increase in 

cost-effectiveness, reliability, facility uptime, and a greater understanding of the 

level of risk that the facility owner is managing [11]. 

 
Besides the type of philosophy is used, maintenance demands some understanding 

of the structure and operation of the facility and of the general concepts of 

diagnosis and maintenance works. What is more, maintenance activities should be 

carried out according to a strategic plan, which must be consistent with the vision, 

mission, and objectives of the utility, owner of the engineering facilities. In that 

sense, a maintenance strategic plan considers strategic choices made concerning 

organization structure, maintenance methodologies, supporting systems, and 

outsourcing. Once selections are done, yearly long and medium-term plans are 

designed considering utilities’ goals achievement, and maintenance tools and 

workforce availability. These are followed by a short-term plan where 

maintenance activities are scheduled for implementation followed by 

performance measurements for continuous feedback improvement, as shown in 

Figure 2.2 [14].  
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Figure 2.2 Maintenance Strategy Plan [14]. 

 

To be more precise, long-term maintenance planning involve periods from 5 to 10 

years and aims to identify how the maintenance strategy will align itself with the 

goals and targets of the utility which owns the electricity facilities. Middle-term 

maintenance planning cover a period from 1 to 5 years and includes the use of 

forecasting and planning tools used to understand how external factors can affect 

the achievement of the goals and when maintenance should be scheduled. The 

short-term maintenance planning stresses the strong dependency between 

maintenance resource management and scheduling, and how their interaction 

influences the achievement of the maintenance goals in monthly, weekly, or daily 

basis. In the implementation stage, the highly technical and intense labour nature 

of maintenance activities is recognized. Therefore, strategic decisions related to 

the organization and scheduling of maintenance works, planning of maintenance 

resources, and availability of workforce can be made effectively. In that way, the 

unavailability of the facilities due to maintenance can have a minimum effect on 

the utilities’ operation and a measurement of the maintenance results can be 

performed to evaluate the maintenance strategy. It is important to recognize that 

each step in the maintenance strategy plan represents an input to the next step. 

The performance of the maintenance is used as input to the long-term planning 

to adjust, if necessary, the strategy of the utilities to achieve their goals so that 

maintenance activities are viewed as an investment, rather than a costly activity.  

 

Maintenance scheduling plays a very important part in electrical power systems 

since operation and planning activities are directly affected by it [15, 17]. In 

power systems, major components like generators and transmission lines, require 

periodical maintenance. The main decision variables in the generation and 

transmission maintenance scheduling (GTMS) problem are usually the availability 
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and operation status of electricity facilities and power generation outputs [9]. 

This dissertation deals specifically with planned preventative maintenance during 

medium-term planning, to prevent electricity facilities failure or breakdown. The 

costs of electricity facilities’ downtime resulting from avoidable outages can reach 

values ten or more times greater than the ones corresponding to their 

maintenance costs [13]. Still, preventive maintenance makes electricity utilities 

incur in considerable expenses and its coordination in a market environment 

presents a challenge to the ISO when planning and operating the electricity 

system. It requires top equipment, skilled labour, constant stocking of 

replacement parts and, more importantly, coordination mechanisms among all the 

utilities participating in the electricity market [13]. 

 

2.2 Power Systems Problems 
 

The electricity industry is focused on three main activities, namely generation, 

transmission, and distribution [15, 16]. Traditionally, the industry has been 

organized in two general structured manners. Figure 2.3a illustrates the first 

model which corresponds to the traditional monopoly, where the utility integrates 

all the activities mentioned above. The flow of electrical energy goes from the 

monopolistic utility to consumers, who pay for the electricity supply. On the other 

side, Figure 2.3b shows a deregulated power system, with many generation 

companies (GENCOs) competing to sell energy to many distribution companies 

(DISCOs) using the network of few transmission companies (TRANSCOs). The 

economic transactions and interactions among these players take place in a 

wholesale electricity market. An independent system operator (ISO) oversees the 

secure operation of the system by coordinating the generation activities of 

GENCOs with the evolution of the demand at a minimum cost. At the same time, 

DISCOs or retailers buy electrical energy on the wholesale market and resell it to 

consumers who do not wish to participate in the market directly. In this scenario, 

electrical energy flows from GENCOs to the consumers through TRANSCOs and 

DISCOs electrical infrastructure. Payments made by consumers go to DISCOs or 

retailers, who in turn pay for the energy they buy from GENCOs in a wholesale 

electricity market [13].  
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Figure 2.3 Regulated vs deregulated power systems. 

 

Many countries like the United Kingdom, the United States of America, Canada, 

Australia, New Zealand, Chile, Argentina, Bolivia, Peru, Colombia, and the 

Scandinavian region, have deregulated electricity industries. South Africa still has 

a regulated power system that is solely controlled by the parastatal electricity 

company [17].  

 

At the same time, each electricity industry type has a different impact in terms 

of generation and transmission maintenance scheduling planning used. In a 

deregulated power system, where independent GENCOs and TRANSCOs have self-

interested objectives, maintenance of generation and transmission facilities need 

to be coordinated due to systems constraints like network congestion, losses, 

energy demand, and system reliability requirements; to find optimal or feasible 

maintenance schedules [15]. The functional separation of transmission and 

generation creates operation and planning problems related to scheduling of 

maintenance works. Additional bottlenecks arise in transmission maintenance as 

more challenging and complex unit commitment and dispatch problems may need 

to be solved to comply with the constraints of the system in terms of congestion 

and losses. Hence, maintenance schedules must be coordinated by the ISO to 

ensure reliable and economical electricity service. In a deregulated electricity 

industry environment, the ISO should cancel or reschedule planned transmission 
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and generation outages and solve conflicts between the GENCOs and TRANSCOs 

regarding maintenance schedules so that final consumers can enjoy a cheap and 

reliable supply of electricity at all time. 

 

2.2.1 The Unit Commitment Problem 

 

Unit commitment (UC) optimization is among the most important and critical 

problems in planning power industry facilities outages. It seeks to determine the 

optimal schedule and a production level for the available generating units over an 

interval of time, subject to a given load and system constraints [18]. To “commit” 

a unit can be interpreted as turning a generation unit on or bringing it into 

operation so that it can deliver power to the network [19]. The reason for not 

simply committing all the available power generating units, to ensure full 

satisfaction of the demand, is the exorbitant cost of keeping a power generating 

unit online unnecessarily. 

 

Usually, the objectives of the UC problem include minimizing operating costs, 

minimizing emissions, or maximizing the demand satisfaction capability [20]. The 

objective of minimizing operating costs typically consists of minimizing 

production, maintenance, start-up, and shut-down costs [20,19]. Classical 

optimization methods that have been used to solve the UC problem include 

extensive enumeration, heuristic priority list (merit order) scheduling, dynamic 

programming (DP), Lagrangian relaxation and the branch-and-bound (B&B) 

methods. 

 

The priority listing method initially arranges the generating units based on the 

lowest variable operation cost. The predetermined list is then used for UC such 

that the system load is always satisfied during the analysis [20, 21]. The 

application of the method is straightforward, but as the number of units increases 

in the system, it becomes more difficult to apply.  

 

Dynamic programming is the earliest optimization-based method to be applied to 

solve the UC problem. It breaks into stages the problem so that the searching 

process of the optimal solution can be done either in a forward or backward 
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direction, meaning that the search can start at the beginning or at the end of the 

period of analysis. Its essence is for the total running cost of supplying a certain 

amount of MW of load with 𝑁𝑡 generating units to be a minimum, the load on MW 

carried by unit 𝑗 must be such that the remaining load on MW is carried by the 

remaining units also at minimum cost. It has the advantage of being able to solve 

problems of a variety of sizes and easily modified to model characteristics of 

specific electricity facilities [18], [20]. Dynamic programming is relatively easy 

to add constraints that affect system operation at a given time. Its main 

disadvantages are the requirement to limit the commitments considered at any 

time and its suboptimal treatment of minimum up and downtime constraints and 

time-dependent startup costs [21]. 

 

In [22] an approach for solving the UC problem based on the B&B method is 

presented, which incorporates all time-dependent constraints and does not 

require a priority ordering of units. To use it, the objective function and the 

constraints of the UC problem must be defined, stating the linear and the integer 

variables, as shown in expressions (2.1), (2.2), and (2.3): 

 

𝐹 = 𝑀𝑖𝑛 ∑ ∑ 𝑐௝
௚

൫𝑉௝,௧𝑃௝
௚,௠௜௡

+ 𝑃௝,௧
௚

൯ே௧
௝ୀଵ

்
௧ୀଵ                            (2.1) 

 

Subject to the following load balance equality constraint: 

 

∑ ൫𝑉௝,௧𝑃௝
௚,௠௜௡

+ 𝑃௝,௧
௚

൯ே௧
௝ୀଵ = ∑ 𝑃௡,௧

ௗே
௡ୀଵ + 𝑓௧

௟௢௦௦൫𝑃௝,௧
௚

൯   ;      ∀𝑡                   (2.2a) 

 

And subject to inequality constraints related generation capacity limits and 

integer variables: 

 

0 ≤ 𝑃௝,௧
௚

≤ 𝑃௝
௚,௠௔௫

− 𝑃௝
௚,௠௜௡   ;      ∀𝑡, ∀𝑗          (2.2b) 

𝑃௝,௧
௚

− 𝑉௝,௧(𝑃௝
௚,௠௔௫

− 𝑃௝
௚,௠௜௡

) ≤ 0  ;      ∀𝑡, ∀𝑗          (2.2c) 

−𝑃௝,௧
௚

− 𝑊௝,௧(𝑃௝
௚,௠௔௫

− 𝑃௝
௚,௠௜௡

) ≤ 0  ;      ∀𝑡, ∀𝑗         (2.2d) 

−𝑉௝,௧ + 𝑊௝,௧ ≤ 0    ;      ∀𝑡, ∀𝑗         (2.2e) 

 

Where: 
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𝑃௝,௧
௚   Variable power output of thermal unit 𝑗 (MW). 

𝑃௡,௧
ௗ    Power Demand at node 𝑛 at time 𝑡 (MW).  

𝑃௝
௚,௠௔௫  Maximum Capacity of thermal unit 𝑗 (MW). 

𝑃௝
௚,௠௜௡  Fixed minimum Capacity of thermal unit 𝑗 (MW). 

𝑓௟,௧
௟௢௦௦൫𝑃௝,௧

௚
൯ Network power losses at time 𝑡 as a function of generators power 

output (MW). 

𝑁   Number of nodes in the system. 

𝑁𝑡  Number of Thermal Units in the system. 

𝑉௝,௧, 𝑊௝,௧  Availability binary variables of thermal unit 𝑗 at time 𝑡 [0, 1]. 

𝑇   Period under analysis. 

 

Since the present dissertation addresses the GTMS problem in the medium-term, 

constraints related to start-up, downtime and ramping limits generation units’ 

constraints need to be considered. The advantage of the B&B approach is that it 

solves efficiently large size mixed integer-linear programming problems (MILP). 

The GTMS problem should ideally be solved in conjunction with the UC problem, 

but it is often solved independently, in which case the GTMS problem’s solutions 

are used to formulate availability constraints in the UC problem [15]. 

 

2.2.2 The Economic Dispatch Problem 

 

The Economic Dispatch (ED) problem seeks to determine the optimal output from 

the available generation units to meet the expected electricity demand at the 

lowest possible cost, subject to various electrical system constraints. Several 

techniques are available to solve the ED problem. They depend on the 

characteristics of the power system, the nature of the generation technologies, 

and the assumptions made before solving the problem. Important aspects of this 

optimization problem are the generation cost of individual units, which are not 

proportional to the generation level of the corresponding units, how the power 

systems are geographically spread out, the transmission losses, the demand 

patterns, the generation units’ availability, commitment, and the power flows 

within the system. As a matter of fact, the ED problem is typically modeled as a 

subproblem of the UC problem [21]. 
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In that sense, the objective function of the ED optimization problem can be 

expressed as the minimization of total fuel cost over a given period, so that units’ 

power outputs become the variables of the following optimization problem [23]: 

 

𝐹 = 𝑀𝑖𝑛 ∑ ∑ 𝐹௝,௧
ே௧
௝ୀଵ

்
௧ୀଵ = 𝑀𝑖𝑛 ∑ ∑ ቂ𝐶଴ ௝, + 𝐶ଵ௝𝑃௝,௧

௚
+ 𝐶ଶ௝൫𝑃௝,௧

௚
൯

ଶ
ቃே௧

௝ୀଵ
்
௧ୀଵ         (2.3) 

 

Subject to equality constraints related to the energy balance in the system: 

 

∑ 𝑃௝,௧
௚ே௧

௝ୀଵ = ∑ 𝑃௡,௧
ௗே

௡ୀଵ + 𝑓௧
௟௢௦௦൫𝑃௝,௧

௚
൯   ;      ∀𝑡                           (2.4a) 

 

And subject to inequality constraints related to generation capacity limits: 

 

𝑃௝
௚,௠௜௡

≤ 𝑃௝,௧
௚

≤ 𝑃௝
௚,௠௔௫   ;    ∀𝑡                                (2.4b) 

 

Where: 

𝑃௝,௧
௚    Unit 𝑗 power output at time 𝑡 (MW) 

𝐶଴ ௝,𝐶ଵ௝, 𝐶ଶ௝ Generation cost quadratic curve coefficients of unit 𝑗 in (US$/h), 

(US$/MWh) and (US$/MW^2 h) respectively. 

 

In terms of the GTMS problem, the following optimization techniques were 

considered, studied, and used during the elaboration of the research project. 

 

a) Lambda-Iteration Method for single node system 

 

In a Lambda Iteration Method (LIM), lambda 𝜆 is a Lagrange multiplier variable 

introduced while solving the constrained ED optimization problem by linearizing 

equation (2.3). This is done by formulating a Lagrange function as follows:  

 

𝐿 = ∑ 𝐹௝,௧
ே௧
௝ୀଵ + 𝜆൫∑ 𝑃௝,௧

௚ே௧
௝ୀଵ − 𝑓௧

௟௢௦௦൫𝑃௝,௧
௚

൯ − ∑ 𝑃௡,௧
ௗே

௡ୀଵ ൯    ;    ∀𝑡           (2.5) 

 

The derivatives of the function with respect to each power output 𝑃௝,௧
௚ and 𝜆 results 

on a system of equations known as optimality conditions of the problem [21]: 
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డ௅

డ௉
ೕ,೟
೒ =

డிೕ

డ௉
ೕ,೟
೒ + 𝜆 ቆ1 −

డ௙೟
೗೚ೞೞቀ௉ೕ,೟

೒
ቁ

డ௉
ೕ,೟
೒ ቇ = 0            ;  ∀𝑗       (2.6a) 

 
డ௅

డఒ
= ∑ 𝑃௝,௧

௚ே௧
௝ୀଵ − 𝑓௧

௟௢௦௦൫𝑃௝,௧
௚

൯ − 𝑃௡,௧
ௗ = 0                      (2.6b) 

 

To account for transmission losses, the losses coefficients of a network are used, 

which relate the power output of each generation unit with the power losses in 

the system [24]: 

 

𝑓௧
௟௢௦௦൫𝑃௝,௧

௚
൯ = ∑ ∑ 𝑃௝,௧

௚ே௧
௞ୀଵ 𝐵௝,௞𝑃௞,௧

௚ே௧
௝ୀଵ + ∑ 𝑃௝,௧

௚ே௧
௝ୀଵ 𝐵௢௝ + 𝐵௢௢       ;    ∀𝑡    (2.7) 

 

Where:  

𝐵௝,௞, 𝐵௢௝, 𝐵௢௢ Transmission network loss coefficients 

 

The optimal dispatch is reached when the incremental costs of running each unit 

are equal: 
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So that: 

𝜆 = 
డிೕ

డ௉భ,೟
೒ ൮

ଵ

ଵି
ങ೑೟

೗೚ೞೞቀುభ,೟
೒

ቁ

ങುభ,೟
೒

൲                (2.9a) 

డ௙೟
೗೚ೞೞ

డ௉భ,೟
೒ = 2 ∑ 𝑃ଵ,௧

௚ே௧
௞ୀଵ 𝐵௝,௞ + 𝐵௢,௝      (2.9b) 

 

Therefore, to solve an ED problem the above system of equations must be solved 

sequentially, applying the LIM algorithm detailed in Figure 2.4 as follows [21]. 

First initial values 𝑃௝,௧
௚ of generation outputs are assumed so that the demand of 

the system is met. Then, the incremental losses corresponding to each generation 

output 
డ௙೟

೗೚ೞೞ

డ௉భ,೟
೒  are found. Next, the value of power losses is updated and the new 

values of 𝜆 and generation outputs 𝑃௝,௧
௚ are determined using the set of equations 

corresponding to the optimality conditions. The old and new values of power 
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outputs are compared with each generator and, if they are less than a tolerance 

value ε, the process ends; otherwise, it is repeated until the condition is fulfilled.  

 

 
Figure 2.4 Lambda Iteration Algorithm considering power losses [21]. 

 

The main advantages of this technique are that it is easy to implement, and the 

results can be found in few iterations. However, the technique is not suitable 

when considering constraints related to network congestion and hydro-generators 

with water storage capacity. 

 

b) Linear Programming for thermal ED with network constraints and losses 

 

When dealing with network constraints, an ED becomes an optimal power flow 

problem which is solved using linear programming techniques related to Dual-

Simplex method. In such a problem, the objective function and the respective 

constraints are formulated as linear functions. In case of the objective function, 

the new linear formulation used is shown in equation (2.10):  
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𝐹௧ = 𝑀𝑖𝑛 ∑ ∑ 𝑐௝
௚

𝑃௝,௧
௚ே௧

௝ୀଵ
்
௧ୀଵ                             (2.10) 

 

Where: 

𝑐௝
௚  Unit 𝑗 marginal generation cost (US$/MWh) 

 

The demand balance and the generation capacity limit constraints can still be 

represented as shown before in equation (2.4a) and inequality (2.4b) respectively. 

Furthermore, to add the transmission lines capacity limits, the following set of 

constraints are added to the problem: 

 

[𝑓]௧ = [𝛽]௧ ൤[𝑆𝑔][𝑃௚]௧ − ቀ[𝑃ௗ]௧ +
ଵ

ଶ
[|𝑆𝑡|][𝑟][𝑓ଶ]௧ቁ൨ ≤ ൣห𝑓̅ห൧      ;  ∀𝑡      (2.11) 

 

Where: 

[𝑓]௧ Vector of transmission lines power flows at time t (MW). 

[𝛽]  Sensitivity matrix relating the increase of power flows in transmission 

facilities with a marginal increase of power injection in a particular node. 

[𝑃ௗ]௧  Vector of nodal demand at time t (MW). 

[𝑃௚]௧  Vector of power output of thermal generation units at time t (MW).  

[𝑆𝑔]  Incidence matrix that relates nodes and generators in the system. 

[𝑆𝑡]  Incidence matrix relating connections with their respective nodes. 

[𝑟]  Vector of resistances of transmission lines and transformer (pu). 

 

To consider the losses quadratic function in the problem, two approaches can be 

considered. The first one, involves determining power losses in a line in terms of 

the power flowing through it from one of its nodes to the other. In that sense, by 

making the necessary simplifications to the power flow equations to have a DC-

flow [25, 26], power losses 𝑓௟,௧
௟௢௦௦ in a particular line 𝑙 can be expressed as shown 

in equation (2.12): 

 

𝑓௟,௧
௟௢௦௦ = 𝑟௟൫𝑓௟,௧൯

ଶ
        ;  ∀𝑡        (2.12) 

Where: 

𝑓௟,௧ Power flow in line 𝑙 at time 𝑡 (MW). 

𝑟௟ Resistance of line 𝑙 (pu). 
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From this equation, it is possible to represent the power losses component of 

equation (2.4a) as additional nodal loads, with a magnitude of half the value of 

the power loss of a line that connects two nodes, as shown in Figure 2.5. 

 

 
Figure 2.5 2-Transmission facility’s power flow with losses. 

 

[𝑓௟௢௦௦]௧ =
ଵ

ଶ
[∅][𝑓ଶ]௧ =

ଵ

ଶ
[|𝑆𝑡|][𝑟][𝑓ଶ]௧  ;  ∀𝑡       (2.13) 

 

Where: 

[𝑓௟௢௦௦]௧ = Vector of transmission losses assigned as additional loads to each node 

at time 𝑡 (MW). 

[∅] =  Power Losses Auxiliary Matrix. 

 

Therefore, to consider power losses in the power flow calculation, a DC flow is 

performed first to determine the initial power flows in lines and the power losses 

as well. Then, power losses are included as additional loads to the respective 

nodes in the network and a new and final DC flow is performed under this new 

condition [27, 28].  

 

A second way to tackle the losses problems involves using successive linearization 

around a point in the equality constraint (2.4a) related to the quadratic power 

loss function [27]. The power losses’ quadratic function can be linearized using 

Taylor expansion as follows [29]: 

 

[𝑓௟௢௦௦(𝑃௚)]௧ = ൣ𝑓௟௢௦௦∗
൧

௧
+ ቂ

డ௙೗೚ೞೞ(௉೒)

డ௉೒
ቃ [𝑆𝑔]([𝑃௚]௧ − [𝑃௚ ∗]௧) ;  ∀𝑡       (2.14) 
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Deriving the power losses on expression (2.13) with respect to the power output 

results in equation (2.15):  

 

ቂ
డ௙೗೚ೞೞ(௉೒)

డ௉೒
ቃ =

ଵ

ଶ
[∅]2[𝑓∗]௧ ቂ

డ௙

డ௉೒
ቃ = [∅][𝑓∗]௧[𝛽]௧ = [𝜑]௧               (2.15) 

 

Where: 

[𝜑]௧ = Nodal power losses sensitivity matrix at time 𝑡. 

[𝑓∗]௧= Initial power flow vector on each line at time 𝑡 (MW). 

 

By manipulating equations (2.15) and (2.14), it is possible to rewrite the constraint 

in equation (2.4a) as follows: 

 

∑ 𝑃௝,௧
௚ே௧

௝ୀଵ + ∑ 𝑃௜,௧
௛ே௛

௜ୀଵ = ∑ 𝑃௡,௧
ௗே

௡ୀଵ + ∑ ቄൣ𝑓௟௢௦௦∗
൧

௧
+  [𝜑]௧[𝑆𝑔]([𝑃௚]௧ − [𝑃௚∗

]௧)ቅே
௡ୀଵ ;∀𝑡 (2.16) 

 

In the same way, transmission line capacity limits constraint in (2.11) can be re-

expressed as follows: 

 

[𝛽] ൤[𝑆𝑔][𝑃௚]௧ − ቀ[𝑃ௗ]௧ + 𝑓௟௢௦௦∗
] +  [𝜑]௧[𝑆𝑔]([𝑃௚]௧ − [𝑃௚∗

]௧)ቁ൨ ≤ ൣห𝑓ห̅൧ ; ∀𝑡  (2.17) 

 

This last set of inequalities represent the linear cuts that are added to the 

optimization problem after each iteration until a condition related to a tolerance 

value 𝜀 is met [29]:  

 

[𝜑]௧[𝑆𝑔]([𝑃௚]௧ − [𝑃௚∗
]௧) < 𝜀     ;   ∀𝑡           (2.18) 

 

c) Bender Decomposition for hydro-thermal ED with network constraints and 

losses 

 

The objective of the hydro-thermal power dispatch is to schedule the water 

turbinated by cascade hydroelectric units with water storage regulation capacity in 

their reservoirs so that the minimum operation cost is achieved during a period 

under analysis. This involves solving an ED problem in different instants of time, 

which are coupled together by water reservoir equilibrium constraints [29]. The 
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decision tree shown in Figure 2.6 represents the possible consequences of the use 

of water in time. 

 

 

Figure 2.6 Decision tree of a hydro-thermal power system [29]. 

 

The ISO has the choice to use the water today to generate electricity to achieve a 

reduction of the thermal generation costs or to keep the water for future use. If 

the decision is to use the water in the present time and expect high water inflows 

in the reservoirs in the future due to a wet season, then the operation is efficient. 

However, if the water inflows are very low due to a dry season, enough water will 

not be able to be stored in the reservoirs, so more and expensive thermal generation 

might be used. Moreover, if the present decision is to keep water for its future use 

by using today more thermal generation, and if the future water inflows are high, 

then spillage of water or waste of stored energy will happen. However, if there are 

very low water inflows in the future, the water storage in the damns could be used 

to generate cheaper electricity in the future and even prevent the rationing of 

electricity. 

  

In that sense, hydrogeneration has an opportunity cost of water associated to the 

thermal generation displaced in time. As it is seen in Figure 2.7, if a larger amount 

of water is used during the present stage the immediate cost (ICF), associated to 

thermal generation, and the water stored for the future decrease, increasing the 

future operation cost or cost to go function (FCF), and vice versa. Then an optimum 

decision in terms of operation cost of the system must be found by minimizing the 

sum of the immediate cost and cost to go functions during the planning horizon. 
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Figure 2.7 Immediate and cost-to-go functions in a hydro-thermal power system 

at a given time. 

 

To include all these aspects in the hydro-thermal ED problem, the objective 

function on expression (2.19) can be re-written as: 

 

𝐹௧ = 𝑀𝑖𝑛 ∑ 𝑐௝𝑃௝,௧
௚ே௧

௝ୀଵ + 𝛼(𝑣௧ାଵ)      ; ∀𝑡  (2.19) 

 

At the same time, the optimization problem needs to be complemented by adding 

the hydroelectrical generation variables and new constraints related to reservoirs 

water balance and hydroelectrical units’ capacity limits into the formulation as 

follows: 

 

∑ 𝑃௝,௧
௚ே௧

௝ୀଵ + ∑ 𝑃௜,௧
௛ே௛

௜ୀଵ = ∑ 𝑃௡,௧
ௗே

௡ୀଵ + ∑ 𝑓௡,௧
௟௢௦௦൫𝑃௝,௧

௚
, 𝑃௜,௧

௛ ൯ே
௡ୀଵ      ; ∀𝑡  (2.20a) 

𝑣௘,௧ + ∑ ቈ∑ 𝑢௜,௕,௧
ே௛
௜ୀଵ

௜∈ః೐

− ∑ 𝑢௜,௕,௧
ே௛
௜ୀଵ

௜∈௵೐

቉ே௕
௕ୀଵ + 𝑠௘,௧ − ∑ 𝑠௘,௧

ே௘
௘ୀଵ
௜∈అ೐

= 𝑣௘,௧
௢ + 𝑎௘,௧ ;∀𝑒, ∀𝑡 (2.20b) 

[𝛽]௧ ቈ[𝑆𝑔][𝑃௚ 𝑃௛]௧ − ൬[𝑃ௗ]௧ + ൣ𝑓௟௢௦௦∗
൧

௧
+ [𝜑][𝑆𝑔]൫[𝑃௚ 𝑃௛]௧ − [𝑃௚∗

 𝑃௛∗
]௧൯൰቉ ≤ ൣห𝑓ห̅൧; 

∀𝑙, ∀𝑡  (2.20c) 

𝑃௝
௚,௠௜௡

≤ 𝑃௝,௧
௚

≤ 𝑃௝
௚,௠௔௫   ;    ∀𝑗, ∀𝑡                             (2.20d) 

𝑃௜
௛,௠௜௡ ≤ 𝑃௜,௧

௛ ≤ 𝑃௜
௛,௠௔௫   ;    ∀𝑖, ∀𝑡                             (2.20e) 

𝑢௜
௠௜௡ ≤ 𝑢௜,௧ ≤ 𝑢௜

௠௔௫   ;    ∀𝑖, ∀𝑡                             (2.20f) 

𝑣௘
௠௜௡ ≤ 𝑣௘,௧ ≤ 𝑣௘

௠௔௫   ;    ∀𝑒, ∀𝑡                            (2.20g) 

0 ≤ 𝑠௘,௧ ≤ ∞    ;    ∀𝑒, ∀𝑡                            (2.20h) 

𝑃௜,௧
௛ = 𝑢௜,௧ρ௜    ;    ∀𝑖, ∀𝑡                             (2.20i) 
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Where: 

𝑃௜,௧
௛    Hydro Generation of unit 𝑖 at time 𝑡 (MW). 

𝑣௘,௧    Final volume of reservoir 𝑒 at time 𝑡 (Hm3). 

𝑣௘,௧
௢   Initial volume of reservoir 𝑒 at time 𝑡 (Hm3). 

𝑎௘,௧ Water inflow in reservoir 𝑒 at time 𝑡 (Hm3). 

𝑢௜,௧ Hydro unit 𝑖 water discharge at time 𝑡 (Hm3). 

𝑠௘,௧  Water spilled of reservoir 𝑒 at time 𝑡 (Hm3). 

𝛷௘ Set of hydro units connected to reservoir 𝑒 (Hm3). 

𝛩௘ Set of hydro units upstream to reservoir 𝑒 (Hm3).  

𝛹௘ Set of reservoirs upstream to reservoir 𝑒 (Hm3). 

𝛼(𝑣௧ାଵ)Cost to go Function in the future for using water in the present (US$). 

𝜌௜ Productivity factor of hydro unit 𝑖 (MW/Hm3).  

[𝑃௛]௧ Vector of power output of hydro generation units (MW). 

𝑣௘
௠௜௡  Minimum Volume of Reservoir 𝑒 (Hm3). 

𝑣௘
௠௔௫  Maximum Volume of Reservoir 𝑒 (Hm3). 

𝑢௜
௠௜௡  Minimum volume of water turbinated by hydroelectrical unit 𝑖 (Hm3). 

𝑢௜
௠௔௫  Maximum volume of water turbinated by hydroelectrical unit 𝑖 (Hm3). 

 

The formulation of this ED problem takes into account hydroelectrical units with 

water storage capacity only, ignoring pumped-storage or run-of-river hydro 

generators who are not consider at all during the present analysis. 

 

To tackle this coupled in-time ED problem, two classical optimization approaches 

are used the most in the literature. The first involves the use of dynamic 

programming. It requires the period under analysis to be divided into intervals 

denominated stages. Then, using a recursive calculation technique, the best 

decision for each stage is found according to a defined objective function [16, 

30]. The optimality of each decision is based on Bellman Optimality Principle, 

which implies that an optimal policy has the property that whatever the initial 

stage and initial decision are, the remaining decisions must constitute 

an optimal policy with respect to the state resulting from the first decision [21].  

 

To apply these concepts, the hydro-thermal ED problem is broken up into small 

subproblems, each one corresponding to a period or stage. The optimal decision 
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of the current stage depends on a series of decisions related to water used for 

hydro generation in future stages. The future decisions depend strongly on the 

current decision, and both have a direct impact on the overall total operation 

cost. At the same time, the water levels in each reservoir are discretized in states 

and all possible combinations of hydro-thermal power outputs that render a 

particular final water volume in each reservoir at each state are analyzed. This 

discretization results in a linear piecewise approximation to the real cost-to-go 

function. Using this approach, the ED problem is solved from the last decision 

stage using a recursion process. The optimal solution in a stage balances the 

decision on that stage with future stages. Consequently, the immediate operation 

costs are the thermal generation costs necessary to meet the load in a stage.  Part 

of the demand is supplied by hydro generation according to future operation 

decisions, and the remaining is met using thermal generation. The disadvantage 

of dynamic programming is that each reservoir water level at each stage needs to 

be discretized in states. Thus, as the number of reservoirs increase, the number 

of possible states and variables in the problem increase as well. These, in turn, 

increases the computational calculation effort to solve the ED problem 

exponentially [31]. 

 

To tackle this ‘‘curse of dimensionality’’ problem associated with dynamic 

programming, a dual dynamic approach can be used. This approach is based on 

the observation that the cost-to-go function can be represented as a piecewise 

linear function, which does not need the discretization of the water levels in the 

reservoirs. The slope of the cost-to-go function around a given point corresponds 

to the expected water cost, which is given by the simplex multipliers associated 

with, the water balance constraints stated in (2.20b). In that sense, first, a 

forward iteration is made without any consideration of the amount of water being 

used. After reaching the last stage, a backward iteration is done, adding piece-

wise linear cost-to-go cuts, relative to each reservoir, as new constraints to the 

optimization problem. These cuts are shown in expression (2.21) [32]. 

 

𝛼(𝑣௧ାଵ) + 𝜗௘,௧ାଵ 𝑣௘,௧ ≥ 𝐹௧ାଵ + 𝜗௘,௧ାଵ 𝑣௘,௧
∗             ; ∀𝑡, ∀𝑒  (2.21) 
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Again, a new forward iteration is done with the new constraints or cuts added 

during the last backward iteration. In that way, for each stage, cost-to-go 

functions are created for each reservoir as shown in Figure 2.8 [29]. 

 

 

Figure 2.8 Calculation of the piecewise cost-to-go function on stage 𝑻 − 𝟏 [29].  

 

The process ends when the total cost of the economic dispatch of the last forward 

iteration is equal to the total operation cost determined during the last backward 

iteration. The main advantage of this approach is that it allows many reservoirs 

to be considered in the system without the need of increasing the computation 

effort during the calculation. However, when dealing with water inflows to 

reservoirs, stochastic variables are added to the problem. Thus, when planning 

the system operation to solve a hydro-thermal ED problem, a set of historical 

water inflows to reservoirs are needed to apply forecasting methods and 

determine an expected total cost of operation of the system during a given period 

of time.  

 

2.3 Stochastic Nature of Renewable Energy  
 

Long-term hydro-thermal-wind operation planning is, by nature, a stochastic 

problem as the incremental water inflows to reservoirs and the wind speeds are 

uncertain. This leads to the use of Stochastic Dynamic Programming (SDP) or 

Stochastic Dual Dynamic Programming (SDDP) techniques to solve the ED problem. 

In either case, the way literature deals with these uncertainties is broad.  

 

2.3.1 Water Inflows Forecast Methods 

 

The inflow to the reservoir is seasonal and depends on the variation in the rainfall 

pattern, due to climate change. Specific tools and techniques from different 
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disciplines are required to face the stochastic nature of inflows and making 

decisions and real-time reservoir operation rules for existing or proposed projects. 

Forecasting of water inflow to a new reservoir and modeling of the historical 

behavior of an existing reservoir can be accomplished through different simulation 

models.  

 

For instance, in [30] a set of monthly historical water inflows in a reservoir are 

adjusted to a normal distribution. The probability of each water inflow scenario 

is determined and used to find the expected cost-to-go function in each state 

during the dynamic programming calculation. In [31], a Hull algorithm is used to 

solve the SDP for each water inflow scenario and an expected cost-to-go function 

is found as well. In the same way, [33] uses Monte Carlo analysis to sample the 

different water inflow scenarios when calculating the cost-to-go function. 

  

On the other side, forecasting modeling approaches are used to make hydrological 

models to provide input data to the SDDP or SDP. For example, [34] uses the 

Hydrologiska Byråns Vattenbalansavdelning (HBV) hydrology model to optimize the 

use of the hydro resource over time, given a current reservoir volume, fuel prices, 

consumption, and the expected water inflow its uncertainty. Due to the 

autocorrelation effect on the long-term storage of hydro resources and of snow 

accumulation, the effect of the initial hydrological condition can be seen well into 

the next year of the forecasted period. On the other hand, the parameters that 

characterize the water inflows like mean, standard deviation, asymmetry, and 

temporal correlation, usually present a periodical behavior during a year. That is 

why in [35], these sequences are analyzed using periodical autoregressive models 

(ARP) of order 1, so that all the present and past correlation information among 

water inflows are held in the correlation with the previous period of analysis. In 

this way, the autocorrelation is reduced exponentially in the model as the number 

of linear autoregressive periods of analysis increases. However, a potential 

drawback of using a periodic model in this application is that the model often 

requires the use of a substantial number of parameters.  

 

In [36], an Artificial Neural Network (ANN) approach for forecasting long-term 

reservoir inflow using monthly inflow available data and applying a Levenberg-

Marquardt Back Propagation (LMBP) algorithm has been used to develop a model 
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for the Sultan Mahmud hydropower reservoir in Malaysia. In developing the ANN 

model, different networks with different numbers of neuron hidden layers were 

tested. To evaluate the accuracy of the proposed model, the Mean Squared Error 

(MSE) and the Correlation Coefficient (CC) were employed. The results show that 

in the end, the network could forecast the testing data set with great accuracy. 

However, an important disadvantage with this approach is the need for training 

of the neural network and the testing that needs to be done to check results. 

 

In [37], a Monte-Carlo approach was applied to study the water inflow impact on 

the performance of both single and multi-reservoir systems. In doing so, artificial 

statistics for the monthly inflow time series of each reservoir system and the 

probability distributions, quantitative reliability, vulnerability, and resiliency 

standards were analyzed in different simulation and optimization models 

considering damns in the Karum river in Iran. The results of the operation criteria 

analysis indicated that, for the operation of the whole system, the best 

quantitative reliability, vulnerability, and resiliency values were in the optimized 

single-reservoir model, and the best time reliability value was in the optimized 

multi-reservoir model. Moreover, the inflow uncertainty had a minimum and 

maximum impacts on the reliability and resiliency criterias respectively. 

 

The main impacts of climate change have been addressed globally over the last 

decades. As far as water resources are concerned, a warmer climate would 

accelerate the hydrological cycle and alter the intensity and timing of rainfall. 

The resulting decline in rainfall may reduce net recharge and can affect water 

levels. A decrease in winter precipitation could reduce the total seasonal 

precipitation and can impose greater water stress [38]. In that sense, [39] 

considers these issues by applying a first-order stationary Markov model, which 

assumes a stationary mean, standard deviation, and lag 1 correlation for the 

historical and generated water inflow data for the simulation of annual stream 

flows and reservoir inflows. Seasonal models are introduced, in which the seasons 

can be any intra-annual period variation and the inherent periodicity adds on 

stationarity in the data. The model is tested in the Karappara stream flow and 

Idamalayar Reservoir inflow in the Kerala state in India. The results show that the 

first-order Markov model addressing the non-stationarity is a better alternative 

recommended for this situation since it models reservoir management problems 
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and optimizes water usage through SDP. This model can be effectively used in 

hydrological design to define the capacity of a reservoir and in simulations of the 

performance of a reservoir by using several sequences of generated data. 

 

2.3.2 Wind Speeds Forecast Methods 

 

Many methods for predicting wind speeds in the short term have been published 

in the past. Probability models are proposed in the literature for addressing the 

natural variability of wind resources which include air and terrain characteristics, 

mean, cut-in and cut-out wind velocities, Weibull probability distribution function 

parameters to predict wind velocities in a period. 

 

For example, in [40] an hour-by-hour optimum schedule of hydro-thermal-wind 

power (HTWGS) stations is used to attain the least emission of pollutants from 

thermal plants and a reduced generation cost of thermal and wind plants for a 24-

hour period, while satisfying the system constraints. The paper presents a detailed 

framework of the HTWGS problem and proposes a modified particle swarm 

optimization (MPSO) algorithm for finding a solution. Appropriate mathematical 

models are used to represent the water discharge, generation cost, and pollutant 

emission of the power stations incorporated in the system. Statistical analysis is 

performed by adjusting wind speeds historical data to a Weibull probability 

density function. 

 

In the same way, the study in [41] presents a framework to assess the wind 

resource potential of a wind turbine using uncertainty analysis. It uses probability 

models for tackling the natural variability of wind resources that include air 

density, mean wind velocity and associated Weibull parameters, surface roughness 

exponent, and error for prediction of long-term wind velocity based on the 

measure–correlate–predict method that depends in a Monte-Carlo based numerical 

procedure. The model can effectively evaluate the expected annual energy 

production for different averaging periods and confidence intervals. However, the 

main issue is that the level of uncertainty in the assessment of wind energy 

potential can be reduced with detailed wind data, which is sometimes difficult to 
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come by. They may be included, as characteristics of individual wind resources 

found from short-term measurements in site, in terms of probability parameters. 

 

In the same way, [42] presents a comparison between two methods used for 

estimating the annual energy production (AEP) for a 60 MW installed power wind 

farm based on real data recorded during the year 2014 in the Nord-East Region of 

Romania. The first method supposes a direct estimation of the energy production 

that does not imply any statistical distribution assumptions, being based on 

recorded data and the wind turbines power curve; while the second one is based 

on the Weibull distribution of the wind speed, considering linear and quadratic 

models to model the power curves. For this study, wind speeds were measured 

using a meteorological station. The wind speed values corresponding to the hub 

heights of the considered turbines were determined based on the power law 

expression for the variation of wind speed with height. For the AEP evaluation, 

polynomial, linear and quadratic mathematical models are considered. It is shown 

that the AEP determined with the polynomial model is the closest to the real 

values and is considered as a reference. What is more, for choosing the proper 

wind turbine type for a given location, both approaches consider not only the 

turbine hub height, rated power, cut-in, and cut-off wind speeds or the shape of 

the turbine power curve, but also if the wind speeds are mostly distributed within 

the cut-in and rated wind speeds limits. That is why the main disadvantage of 

these methods lies when they deal with low wind speeds since the appropriate 

mathematical model need to be chosen beforehand to reduce forecasting errors.  

 

2.4 Electricity Markets  
 

The main characteristic of most electricity industries today is a free market on 

the sale and purchase of electrical energy, for which the desegregation of the 

industry in generation, transmission, distribution, and retail independent parts is 

a necessary condition. The activities of transmission and distribution are run by 

TRANSCOs and DISCOS respectively as natural monopolies and, as such, regulation 

must come into place to set fair tariffs. The activities of generation and retail 

parts are open to free-market practices in a competitive environment, as long as 

GENCOs and retailers have open access to the transmission and distribution 
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networks. An adequate operation of an electricity market requires the following 

conditions to be fulfilled [16]: 

 

 Economic efficiency of the electricity industry. 

 Self – sustainability of the electricity industry to guarantee the expansion of 

the system. 

 Operation of the system with a high degree of reliability according to the 

quality of the electricity service required by society. 

 Universal access to electricity services to people in a society. 

 

To fulfill these market requirements, any electricity industry at least needs to 

have an ISO and a Regulator. Besides the ISO already mentioned responsibilities 

regarding the operation of the electricity system according to quality and 

reliability requirements and to the use of all the energetic resources to operate 

the system at a minimum cost, it additionally very often plans the operation of 

the system in the medium and short terms and manages the electricity market 

determining the economic transactions among market participants and hiring 

ancillary services for the safe and economic operation of the system [43].  

Planning is a crucial activity that involves forecasting the future demand of the 

system, defining the expansion of the network, pointing out the potential 

generation projects, and determining the maintenance schedules of electricity 

facilities that do not affect the supply of electricity to final consumers.  

 

On the other side, Regulator has the attributions to fix the prices for the use of 

services that are captured in a natural monopoly, set the quality standards of the 

electricity service, stimulates the economic efficiency of the market, and promote 

the universalization of the electricity service. It also controls the evolution of 

prices in the market preserving economic equilibrium and fairness. 

 

The fundamental principle of economic efficiency in an electricity market is 

valuing the production of electricity using marginal costs or the approximate 

incremental cost of supplying and additional MW of electricity demand.  [44]. The 

way the power flows and losses in a transmission network are handled when 

dealing with network constraints allows the identification of two main 
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methodologies to remunerate generation and transmission activities and to charge 

distribution companies and retailers in the market. Besides the economic concepts 

used and the way transmission network is represented, these methodologies 

correspond to when the a-priori or a-posteriori solving of economic dispatch and 

unit commitment problems take place with respect to the real-time operation of 

the system. Since the present dissertation deals with maintenance schedule 

planning, the a-priori electricity market model is analyzed.   

 

In this approach, the energy prices are calculated before system operation in real-

time has been made, considering forecasted demand and water inflows, the 

availability of generation and transmission facilities, volume of water in 

reservoirs, the potential renewable energy generated, the variable generation 

costs of GENCOs. The model works as follows: 

 

First, a slack bus in the system is defined as a reference node that is used to 

determine the effect of power losses and the system marginal cost. Next, 

assumptions are made in the power flow equations so that a DC optimal power 

flow can be used to solve the ED problem with the objective function stated in 

equation (2.19) and the constraints formulated in equations (2.20). No 

consideration is given to reactive power flows and nodal voltages to simplify the 

calculations.  Later, the dual multipliers related to constraints (2.20a) and (2.20c) 

are determined and correspond to the system marginal cost and transmission line 

congestion cost, respectively. Dual multipliers are outputs of the linear 

programming technique and reflect the sensitivity of the optimal solution towards 

a marginal relaxation of the constraints the multipliers are related to. In that 

sense, dual multiplier 𝜋௧ represents the increase of the system operation cost for 

a marginal increase in the demand of the system at any node. In the same way, 

dual multiplier 𝜇௟,௧ represents the decrease of the system operation cost for a 

marginal increase of the maximum capacity of transmission line 𝑙. As such, these 

parameters have a direct impact on the electricity prices of the nodes 

interconnected by transmission lines. Since a marginal increase in the load 

involves a marginal increase in losses of the system, the system marginal price is 

affected by the penalty factors on each node of the system and, as a result, nodal 

electricity spot prices can be expressed as follows [45]:   
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[𝜏]௧ = [𝜋]௧[𝑁𝐹]௧ + [𝜇]௧
்[𝛽]௧                         (2.22) 

 

Where: 

[𝜏]௧    Vector of nodal energy prices at time 𝑡 (US$/MWh) 

[𝜋]௧    System marginal cost vector at time 𝑡 (US$/MWh) 

[𝑁𝐹]௧ Vector of nodal penalty factors at time 𝑡 

[𝜇]௧    Congestion cost vector at time 𝑡 (US$/MWh) 

[𝛽]௧  Sensibility Matrix at time 𝑡 

 

The penalty loss factor in the first term of expression (2.22) represents the effect 

that transmission losses have in the electricity prices. It is determined in terms of 

the following equation [46]: 

 

𝑁𝐹௡,௧ = 1 +
డ௙೗೚ೞೞ

డ௉೙
೏ = 1 + 2 ∑ 𝑟௟𝑓௟,௧

ே௟
௟ୀଵ 𝛽௡௟   ; ∀𝑡  (2.23) 

 

Where: 

𝑁𝐹௡,௧  Nodal Penalty Factor in node 𝑛 at time 𝑡. 

𝛽௡௟      Sensibility Matrix row corresponding to node 𝑛. 

 

Economic transactions among GENCOs and DISCOs in a system are determined in 

terms of the way the network constraints are handled by the ISO while settling 

the market [43]. In general, in a market with nodal electricity prices, the amount 

of money that DISCOs expend buying electricity at nodal prices is more than the 

money GENCOs receive from selling their electricity generated at those nodal 

prices. In that sense, two main approaches are defined to settle the economic 

transactions in the market. 

 

2.4.1 Management of the market with marginal price setting 

 

When managing the market under this methodology, the way the optimal power 

flow problem is handled is important to define how the economic transactions will 

take place. First, unconstrained UC and ED problems considering losses are solved 

sequentially to determine the merit order generation dispatch, the unconstrained 

system operation cost 𝐹௧
௨ at a given time 𝑡 and the nodal electricity spot prices 
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[𝜆]௧. The GENCOs’ revenues 𝑅௧
௨ and the DISCO’s or retailers’ payments  𝐸௧

௨ are 

determined by multiplying the generated or consumed energy by the electricity 

spot price of the node through which they are connected to the system. Due to 

the power losses, the amount of money paid by DISCOs is greater than the amount 

of money received by GENCOs. This difference, or merchandising surplus 𝑀𝑆௧, 

correspond to the revenue of the TRANSCO [43]: 

 

𝑀𝑆௧ = 𝐸௧
௨ − 𝑅௧

௨    ;⩝ 𝑡             (2.24) 

 

Next, the system marginal cost is identified from the dual multiplier 𝜋௕,௧ 

corresponding to the ED problem equality constraint of equation (2.22) related to 

demand balance. Then, transmission line capacities are considered, and UC and 

ED problems are solved again and the constrained system operation cost 𝐹௧
௖ 

determined. If there are congested lines operating, their associated dual 

multipliers 𝜇௟,௧ will have an impact in the nodal electricity spot prices. As a result, 

an extra cost or uplift 𝑈௧ is generated for keeping the system under an optimal 

and secure operation: 

 

𝑈௧ = 𝐹௧
௖ − 𝐹௧

௨    ;⩝ 𝑡        (2.25) 

 

This cost is allocated to each DISCO or retailer in a proportion 𝛾 to its electricity 

demand and added to its already defined payments under unconstrained system 

conditions to determine adjusted payments [44]: 

 

𝐸௧ = 𝐸௧
௨ + 𝛾𝑈௧       ;⩝ 𝑡             (2.26) 

 

In the same way, GENCOs revenues are adjusted by identifying the units that, 

because of the constrained network, were forced to generate extra or less energy 

in comparison to the unconstrained system scenario [44]. An extra revenue 𝛥𝑅௧ is 

defined by charging the forced energy at a rate equal to the generation marginal 

cost of the corresponding units and it is added to their already found revenues:  

 

𝑅௧ = 𝑅௧
௨ + 𝛥𝑅௧       ;⩝ 𝑡, ⩝ 𝑗           (2.27) 
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Finally, to check that the allocation of economic resources among utilities in the 

electricity market has been done correctly, the final balance of the transactions 

must equal zero [44]:  

 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒௧ = 𝐸௧
௨ − 𝑅௧ − 𝑀𝑆௧ + 𝑈௧ = 0  ;⩝ 𝑡   (2.28) 

 

The main drawback with this market transaction approach is that for any 

congestion, the uplift determined is shared by all loads in proportion of their 

values, no matter if they are or not responsible for network congestions in any 

part of the network. 

 

2.4.2 Management of the market with nodal electricity prices 

setting 

 

In this approach, constrained UC and ED problems are solved and the nodal 

electricity prices are determined. GENCOs are remunerated and DISCOs pay for 

electricity according to an electricity spot price 𝑝௡,௧ at node 𝑛, through which they 

are connected to the network:  

 

𝑅௧ = ∑ 𝑃௝,௧
௚

𝜏௡,௧
ே௧
௝ୀଵ
௝ఢ௡

+ ∑ 𝑃௜,௧
௛ 𝜏௡,௧

ே௛
௜ୀଵ
௜ఢ௡

   ;⩝ 𝑡  (2.29) ,     𝐸௧ = ∑ 𝑃௡,௧
ௗ 𝜏௡,௧

ே
௡ୀଵ   ;⩝ 𝑡  (2.30) 

 

Since the nodal electricity prices can be decomposed as shown in equation (2.22), 

the merchandising surplus 𝑀𝑆௧ or revenue of the TRANSCO can be found as shown 

in equation (2.31) [43]: 

 

𝑀𝑆௧ = ∑ 𝑃௝,௧
௚

𝜋௧𝑁𝐹௡,௧
ே௧
௝ୀଵ
௝ఢ௡

+ ∑ 𝑃௜,௧
௛ 𝜋௧𝑁𝐹௡,௧

ே௛
௜ୀଵ
௜ఢ௡

− ∑ 𝑃௡,௧
ௗ 𝜋௧𝑁𝐹௡,௧

ே
௡ୀଵ   ;⩝ 𝑡  (2.31)  

 

The congestion cost or uplift can be also determined by finding the amount of 

money that DISCOs are charged by this concept: 

 

𝑈௧ = ∑ 𝑃௝,௧
௚

(𝜇௟,௧𝛽௟,௧)௡,௧
ே௧
௝ୀଵ
௝ఢ௡

+ ∑ 𝑃௜,௧
௛ (𝜇௟,௧𝛽௟,௧)௡,௧

ே௛
௜ୀଵ
௜ఢ௡

− ∑ 𝑃௡,௧
ௗ (𝜇௟,௧𝛽௟,௧)௡,௧

ே
௡ୀଵ   ;⩝ 𝑡 (2.32) 
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Finally, to check that the allocation of economic resources in the electricity 

market is done correctly, the final transactions’ balance must equal zero [43]:  

 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒௧ = 𝐸௧ − 𝑅௧ − (𝑀𝑆௧ + 𝑈௧) = 0  ;⩝ 𝑡  (2.33) 

It is important to realize that the uplift cost collected from the consumer 

payments is not allocated to the TRANSCO, any GENCO, and neither to the ISO 

since this will generate a perverse incentive in the market to make extra income 

from congestions. This surplus is collected separately so that it can be invested in 

transmission facilities to solve congestions problems. 

 

2.5 Multi-Objective Optimization Problems (MOOP) 
 

2.5.1 Definition 

 

A MOOP represents an optimization problem that has two or more conflicting 

objective functions, that need to be optimized simultaneously, and their 

corresponding set of constraints. As such, it can be represented mathematically 

as show in equations (2.34) and (2.35) [47]: 

               

                 Min/Max    𝑓௠(𝑥௜)                                ;     𝑚 = 1, 2, 3, … . . , 𝑀                (2.34) 

                 subject to:   𝑔௝(𝑥௜) ≥ 0                    ;      𝑗 = 1, 2, 3, … . . , 𝑝            (2.35a) 

                                    ℎ௝(𝑥௜) = 0                     ;      𝑗 = 𝑝 + 1, … . . , 𝐽            (2.35b) 

                                    𝑥௜
௠௜௡ ≤ 𝑥௜ ≤ 𝑥௜

௠௔௫       ;     𝑖 = 1, 2, 3, … . . , 𝐼                (2.35c) 

Where: 

𝑓௠  Objective function 𝑚 of decision variable 𝑥௜ 

𝑔௝(𝑥௜)  Inequality constraint 𝑗 as a function of decision variable 𝑖 

ℎ௝(𝑥௜)  Equality constraint 𝑗 as a function of decision variable 𝑖 

𝑥௜  Decision Variable 𝑖 

𝑥௜
௠௔௫  Maximum Value of decision variable 𝑖 

𝑥௜
௠௜௡  Minimum Value of decision variable 𝑖 

𝑀  Total Number of Objective Functions 

𝐽   Total Number of Inequality and Equality Constraints 

I  Total Number of Decision Variables 
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The solution space 𝑆௦ of the problem is defined as all the possible values that the 

decision variables can have within their stated limits: 

 

                  𝑆௦ = ൛𝑥௜  ∈  ℝ: 𝑥௜
௠௜௡ ≤ 𝑥௜ ≤ 𝑥௜

௠௔௫  ;      𝑖 = 1, 2, 3, … . . , 𝐼ൟ                   (2.36a) 

The feasible solutions space vector 𝑋 is defined as the set of values of the decision 

variables that fulfil all the constraints stated in the optimization problem: 

 

𝑋 = ቐ

𝑥௜  ∈  ℝ:   𝑔௝(𝑥௜) ≥ 0    ;       𝑗 = 1, 2, 3, … . . , 𝑝

                 ℎ௝(𝑥௜) = 0      ;       𝑗 = 𝑝 + 1, … . . , 𝐽

    𝑥௜
௠௜௡ ≤ 𝑥௜ ≤ 𝑥௜

௠௔௫   ;      𝑖 = 1, 2, 3, … . , 𝐼

ቑ        (2.36b) 

 

Thus, the different objective functions values inside vector 𝐹(𝑋) in a MOOP will 

depend on the values of each decision variable inside a feasible solution set: 

 

                      𝑓(𝑋) = {𝑓ଵ(𝑋), 𝑓ଶ(𝑋), 𝑓ଷ(𝑋), … . 𝑓௠(𝑋) }                         (2.36c) 

 

Since the objective functions inside vector 𝑓(𝑋) are conflicting with each other, 

a MOOP does not have just one single optimal solution, but a set of feasible 

solutions that represent the trade-offs or good compromises among the different 

objective functions.  

 

2.5.2 Pareto Optimal Set 

 

For a given set of feasible solutions 𝑋ଵ ∈  ℝூ, the objective vector 𝐹(𝑋ଵ) =

{𝑓ଵ(𝑋ଵ), … . 𝑓௠(𝑋ଵ) } is Pareto optimal if there is no vector 𝑋ଶ ∈  ℝூ such that [49]: 

 

 𝑓௠(𝑋ଶ) ≤ 𝑓௠(𝑋ଵ) for all 𝑚 = 1, 2, 3, … . . , 𝑀 

 there exists at least one  𝑚 ∈  {1, 2, 3, … . , 𝑀} with 𝑓௠(𝑋ଶ) < 𝑓௠(𝑋ଵ) 

 

The concept states that the solution of a MOOP is Pareto-optimal if there exists 

no other feasible solution which would decrease and objective without causing an 

increase in at least one other objective [48]. The set of all solutions with Pareto-

optimal objective vectors is called the Pareto-optimal set.  

 



53 
 

2.5.3 Non-Domination Definition 

 

Any MOOP works with a population of 𝑁𝑝 candidate solutions or individuals: 

 

𝑋 = ൛𝑋ଵ, 𝑋ଶ, 𝑋ଷ, … 𝑋௡ … 𝑋ே௣ൟ        (2.36d) 

 

If there are two feasible solutions vectors 𝑋ଵ and 𝑋ଶ ∈ ℝூ in a population of 𝑁𝑝 

individuals, then 𝑋ଵ dominates 𝑋ଶ, 𝑋ଶ≻𝑋ଵ, if the next conditions are met [49]: 

 

 𝑓௠(𝑋ଵ) ≤ 𝑓௠(𝑋ଶ) for all 𝑚 = 1, 2, 3, … . . , 𝑀 

 there exists at least one  𝑚 ∈  {1, 2, 3, … . , 𝑀} with 𝑓௠(𝑋ଵ) < 𝑓௠(𝑋ଶ) 

 

Solution 𝑋ଵ is non-dominated if all its objectives are better than those of 𝑋ଶ or 

when at least one objective of 𝑋ଵ is not worse than any objective of 𝑋ଶ [48]. The 

first front generated by this procedure is the Pareto-optimal set. Following this 

criteria, further classifications or ranking of other solutions can be performed 

considering non-domination among their objective functions, so that feasible 

solutions can be split into further sets or ranks classifying them from the best 

Pareto-set to the worst. Figure 2.9 illustrates these concepts for a MOOP with two 

minimization conflicting objective functions and two decision variables. 

 

 

Figure 2.9 Pareto Optimal front of a MOOP with two objective functions and two 

decision variables. 

 

The plot of the objective functions whose non-dominated solutions are in the 

Pareto-optimal set is called the Pareto-optimal front. The Pareto-optimal set 

contains the solutions of a MOOP and gives the decision-maker a picture of the 
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nature and the characteristics of the problem to undertake a decision-making 

action in the future to choose the best solution. 

 

2.5.4 Approaches to solve a MOOP 

 

The approach used to solve a MOOP largely depends on the type of variables and 

the convexity of the problem itself. In the case of the present thesis, the GTMS 

optimization problem is non-convex in nature. With this kind of problem, it 

becomes increasingly important to escape the local optima, in search of the global 

optima, where classical solution techniques easily get stuck. Therefore, certain 

metaheuristic multi-objective Evolutionary Algorithms (MOEA) techniques became 

a suitable approach to solve the problem. 

 

These approaches work following the principle of operation of Genetic Algorithms 

(GA) [50]. A GA is a metaheuristic inspired by the process of natural selection that 

belongs to the Evolutionary Algorithms family (EA). It relies on genetic-inspired 

operators, such as mutation, crossover, and selection that are applied to every 

individual 𝑛 inside a population of size 𝑁𝑝 so that they can evolve towards the 

Pareto-optimal set of solutions. The quality of a MOEA is evaluated in terms of the 

convergence of the solutions found towards the true Pareto-front and their 

diversity along that front.  

 

According to [51], MOEAs are classified into different categories according to the 

elitism present in the methodology and when the preference of the objectives 

take place during the solution process, shown in Figure 2.10. 

 

In MOEAs a-priori techniques, the decision-maker gives his preference to the 

objectives before the actual optimization takes place [52]. Some of the technique 

that fall into this category are Weight-based GA (WBGA), Goal Programming, Non-

linear approaches, and Fuzzy Logic methods. WBGA scalarize the objective 

functions and maintains multiple weight vectors to find multiple Pareto-optimal 

solutions in one simulation run. It gives a weighted value to each objective 

function and accumulates them as a fitness value. Even though it is a simple 

approach, WBGA is useless against non-convex MOOP. Fuzzy logic techniques allow 
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the quantitative representation of multi-objective decision-making problems 

which have vague objectives and parameters. As such, they are well-suited to 

situations where alternatives must be assessed by using criteria that are subjective 

and of unequal importance. In goal programming (GP) approach, the objectives 

are formulated as goal criteria that the decision-maker wants each objective to 

possess. The criteria can be formulated considering objectives to be greater, less 

than or equal to a utopian solution. The GP problem is to find solutions whose 

criterion vector best compares with the utopian point.  

 

 

Figure 2.10 Multi-objective Evolutionary Algorithms Techniques. 

 

Progressive methods allow the decision-maker to indicate the preferences for the 

objectives as the search moves and the decision-maker learns more about the 

problem [53]. Some techniques included in this category are the Random 

Weighted Genetic Algorithm (RWGA), STEM method, and Multi-Objective Genetic 

Algorithms (MOGAs). The STEM method is based on minimizing the Tchebychev 

distance from the ideal point to the criterion space. The parameters of the 

distance formula and the feasible space can be changed by a normalized weighting 

method based on the decision-maker’s preferences in the previous solution. The 

method allows the decision-maker to recognize good solutions and the relative 

importance of the objectives. On the other side, RWGA uses the weights to build 

a single objective function. The weights are changed frequently during running 

time to allow the searching directions to be changed to sweep over the whole 

solution space. To do so, random numbers are generated to build the weights of 

the objectives and the solutions, found through changing directions, are collected 

in to build the Pareto-optimal set. Multi-objective genetic algorithms (MOGAs) 

rank solutions according to non-domination criteria to determine average fitness. 

These fitness values are scaled with a niche count computed using a sharing 
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parameter that preserves diversity of solutions. Application of non-dominated 

concepts and implementation of a sharing function to assign fitness values to the 

objectives are two important aspects on these algorithms [54]. 

 

The main advantages of these methods are that they are computational lighter 

than other alternatives. Additionally, they involve a learning process where the 

decision-maker gets a better understanding of the problem. Since the decision-

maker is actively involved in the search it is likely that he accepts the final 

solution. However, their main disadvantages are the degree of effort required 

from the decision-maker during the entire search process. Moreover, the solution 

depends on his preference and if he changes his preferences or if a new decision-

maker comes into play then the process must be restarted.  

 

In a-posteriori methods, first the search space is scanned and then the Pareto 

optimal set of solutions is identified and presented to the decision-maker who, 

using a decision-making tool, can choose the best solution. Some of the well-know 

MOEAs in this category are the following. Vector Evaluated Genetic Algorithm 

(VEGA) consists of a simple GA with a modified selection mechanism that, in each 

iteration, generates a number of sub-populations by performing a proportional 

selection according to each objective function [52]. These sub-populations are 

shuffled together to obtain a new population, on which the GA would apply the 

crossover and mutation operators in the usual way. In the same way, Pareto 

Archived Evolution Strategy (PAES) uses a one-to-one evolution strategy (a single 

parent generates a single offspring) together with a historical histogram-like 

archive that records all the nondominated solutions previously found to use it as 

a comparison set. Furthermore, the Strength Pareto Evolutionary Algorithm (SPEA) 

[55] uses a secondary population to store the non-dominated solutions and cluster 

mechanism to ensure diversity. The improved version of this method, called SPEA 

2 [56], incorporates a fine-grained fitness assignment strategy, nearest neighbor 

density estimation technique and enhanced archive truncation method to obtain 

the non-dominated solutions. The Pareto Envelope-based Selection Algorithm 

(PESA) uses features from both SPEA and PAES. The difference is attributed on 

how PESA integrates selection and diversity using a hyper grid-based crowding 

scheme. It employs a smaller internal population and larger external population. 

Whereas the external population stores the existing Pareto front approximation, 
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the internal population comprises new candidates competing for inclusion in the 

external archive [57]. In the same manner, Rank-Density Based Genetic 

Algorithm (RDGA) uses a cell-based density approach to convert a general bi-

objective problem into a bi-objective optimization problem with the objectives to 

minimize the individual rank value and density of the population [58]. Multi-

objective Particle Swarm Optimization extends the traditional particle swarm 

optimization (PSO) to deal with multi-objective optimization problems. It uses the 

concept of Pareto dominance to determine the flight direction of a particle 

maintaining previously found nondominated vectors in a global repository that is 

later used by other particles to guide their own flight [59]. Non-dominated Sorting 

Genetic Algorithm (NSGA) includes a non-dominated sorting methodology and 

manages to obtain a set of different solutions with objective function vector 

values that, after each iteration, get closer to the Pareto optimal front [49]. NSGA 

II is a first improvement of NSGA. Its computational complexity is lower, includes 

a fast non-dominated sorting and an elitist component in its methodology, and 

incorporates a sharing parameter to find spread solutions along a front [60]. A 

final improvement named NSGA III works well with problems that have four or 

more objective functions. It uses a set of reference points to maintain the 

diversity of the Pareto points during the search. This results in a very even 

distribution of Pareto points across the objective space. NSGA III can maintain 

better coverage of Pareto solutions by using a reference point mechanism [61], 

[62]. Group Search Optimizer with Multiple Procedures (GSOMP) is inspired by the 

producer–scrounger animal behavior model, which assumes that group members 

search either for “finding” (producer) or for “joining” (scrounger) opportunities. 

Based on this framework, animal scanning mechanisms, are employed in a sense 

to design optimum searching strategies for solving continuous optimization 

problems [63]. The main advantages of all these methods are that the solutions 

are independent of the decision-maker preferences and that the process of 

optimization is performed only once, so that Pareto-optimal set does not change 

if the problem description remains unchanged. However, these methods need 

large number of computations to be performed so they are computationally 

expensive. After a set of Pareto-optimal solutions is found the decision-maker 

need to use decision-making tools to choose the best solution. Table 2.1 presents 

a summary of the characteristics of the MOEAs described above and makes a 

further classification according to the presence of elitism in their structure [64].  
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Table 2.1 Characteristics of the main Multi-objective Evolutionary Algorithms 

No Type Method Fitness Function 
Diversity 
Mechanism 

External 
Population 

Advantages Disadvantages 

1 

Non - 
Elitist 

VEGA 

Sub-populations 
are formed and 
evaluated in terms 
of different 
objectives. 

None No First MOEA with 
straightforward 
implementation. 

Fitness is in terms of one 
objective, convergence 
results to individual set of 
champion solutions. 

2 MOGA 

Pareto Ranking 
based on number 
of individuals 
dominating other. 

Fitness sharing by 
niching in 
objective space is 
parameter 
dependant. 

No Simple extension of 
single objective GA 
with easy fitness 
assignment scheme. 

Slow Convergence due to 
different fitness 
assignment in individuals 
inside the same front. 

3 WBGA 

Weighted average 
of normalized 
objectives 

Niching and 
weighting values 
are parameter 
dependant. 

No Simple extension of 
single objective GA 

Difficulties in dealing 
with nonconvex objective 
functions, requires 
appropriate selection of 
weight vectors. 

4 NPGA 

No fitness 
assignment is 
made, tournament 
selection decides 
individuals who 
pass the next 
generation. 

Parameter 
dependant niche 
count used as 
tiebreaker in 
tournament 
selection. 

No No need for specifying 
fitness values for each 
solution. 

Problems related to 
parameter dependency 
with niche mechanism 
and subpopulation size for 
tournament selection. 

5 NSGA 

Ranking based in 
non-dominated 
sorting and 
population size. 

Fitness sharing by 
niching with 
parameter 
dependency 

No Fast convergence due 
to a fair assignment of 
fitness based on non-
dominated sets. 

Problems related to niche 
size parameter, high 
computation complexity. 

6 GSOMP 

A population 
individual, located 
in the most 
promising area, 
leads and directs 
the search for the 
optimal solution. 

Niching is 
performed using 
average distances 
and standard 
deviation among 
differently 
crowded areas. 

Yes Improved exploitation 
of better areas based 
on information of 
individuals better 
positioned in the 
search space. 

Slow convergence and 
easy to get trapped in 
local optima. 

7 

Elitist 

RWGA 

Weighted average 
of normalized 
objectives. 

Randomly assigned 
weights and 
replacement of 
population with 
external 
individuals  

Yes Simple extension of 
single objective GA.  

Difficulties in solving 
problems with nonconvex 
solution space.   

8 DPGA 

Fitness is assigned 
according to 
distance from 
individuals to the 
elite set. 

None Yes Convergence and 
diversity among 
solutions is achieved 
with the fitness 
function formulation. 

Since the elite population 
size is not restricted, the 
computational 
complexity increases as 
iteration progresses. 

9 SPEA 

Ranking based on 
the external 
archive of non-
dominated 
solutions. 

Free parameter-
dependency 
clustering 
technique to 
truncate external 
population. 

Yes Adequate pressure to 
force population to the 
optimal front while 
keeping diversity. 

Complex clustering 
algorithm and 
dependency on the size of 
the external population. 

10 SPEA 2 

Fine-grained 
fitness assignment 
strategy which 
incorporates 
density 
information. 

Alternative 
truncation method 
is used to replace 
the clustering 
technique. 

Yes Individuals of external 
population participate 
in the mating selection 
process. 

Computationally 
expensive fitness and 
density calculation. 

11 PAES 

No fitness 
assignment made, 
non-domination 
criteria decides 
individuals that 
pass to the next 
generation. 

Hypercube division 
of objective space 
made to identify 
less crowded 
areas. 

Yes Direct control done 
through mutation in 
the diversity 
mechanism allows 
better handling of 
problems with non-
uniform distributed 
solutions. 

Hypercube size 
dependency. Side-length 
of a hypercubes depend 
on previous knowledge of 
maximum and minimum 
values of objective 
functions. 

12 NSGA II 

Ranking based in 
non-dominated 
sorting and 
crowding distance. 

Crowding distance 
based on the 
Euclidean distance 
between 
neighbouring 
individuals. 

No Free niching 
parameter tunning and 
good convergence 
properties for 
problems with non-
uniform dense and 
diverse solutions. 

As number of objective 
functions increase, 
crowding distance 
becomes computationally 
expensive. 

13 
NSGA 
III 

Ranking based in 
non-dominated 
sorting and niching 
operator 

Niching operator 
based on reference 
points and distance 
from these points 
to solutions. 

No Capacity to handle 
MOOP with more than 
4 objective functions 
and non-convex 
solutions. 

The number of reference 
points is related to the 
size of the population. If 
better results are 
expected, high number of 
reference points should 
be provided, with an 
increase in the 
computation effort. 
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Elitism plays a major role in the performance of a MOEA. An elite-preserving 

operator in a MOEAs favours the best solutions by giving them the chance to be 

directly carried over the next generation of solutions. In this way, good solutions 

found in early iterations are never lost unless better solutions are discovered. This 

improves the convergence and diversity in the solutions found by the MOEA.  

 

Because the nature of the multi-objective GTMS problem to be solved, the a-

posteriori techniques analysed and used during the research project are NSGA II 

and NSGA III because they can handle many objectives, present a widely spread 

of solutions along the Pareto-optimum front and combined with classical 

optimization techniques, can approach to the set of non-dominated solutions in a 

faster and efficient way.  

 

2.5.5 Non-dominated Sorting Genetic Algorithm II (NSGA II) 

 

NSGA II carries out non-dominated sorting of a combined parent and child 

population. Then, starting from the first front or the best non-dominated 

solutions, each front is accepted to the next generation until all available slots 

are filled, which enhances the convergence properties towards the Pareto-optimal 

front. What is more, NSGA II employs a parameter-less diversity preservation 

mechanism, named crowding distance, to guarantee diversity and spread of 

solutions without the use of sharing parameters. It estimates the density of 

solutions in the objective space to guide the selection process towards a uniformly 

spread Pareto-front. A general NSGA II procedure is implemented by following the 

next steps [60]: 

 

1. A random parent initial population 𝑃𝒕, of size 𝑁𝑝, is created. 

2. For every individual 𝑛 in 𝑃௧, the fitness function of each optimization problem 

in the MOOP is evaluated in terms of its objective function and constraints. 

3. Using the fitness function values, the population is sorted into different fronts 

using a non-domination criterion. The first front is a completely non-dominant 

Pareto-set in the current population. Each individual inside a front is assigned 

a rank value based on the front in which it belongs to. Individuals in first front 

are given a rank of 1, individuals in second are assigned a rank of 2 and so on. 
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Additionally, crowding distance is calculated for every individual in the same 

front, so that they can be sorted. Large crowding distance values result in 

better diversity in the population, thus an individual with the highest crowding 

distance in a front is ranked first, then an individual with the second highest 

crowding is ranked second and so on.  

4. In each iteration 𝑡 an offspring population 𝑄௧, of size 𝑁𝑝, is created using 

binary tournament selection, crossover, and mutation operators. 

5. Again, for each new individual inside 𝑄௧ the fitness function for all 

optimization problems is evaluated. 

6. A new mating pool 𝑅௧, of size 2𝑁𝑝, is created by combining the parent 

population 𝑃௧ and the offspring population 𝑄௧. 

7. The combined population 𝑅௧ is sorted according to non-domination criteria to 

identify all non-dominated fronts (𝐹𝑟ଵ, 𝐹𝑟ଶ, . . . , 𝐹𝑟௡). Additionally, crowding 

distance is calculated to measure how close an individual is to its neighbours 

to rank it inside a given front. Thus, the fitness of each individual is given by 

its rank inside the population and its crowding distance inside a front.  

8. A new parent population 𝑃௧ାଵ, of size 𝑁𝑝, is created by selecting the best 𝑁𝑝 

individuals from the sorted 𝑅௧ pool. The rest of the individuals are rejected 

because of their high rank values or their low crowding distance values. 

9. The whole process is repeated from step 5 until a maximum number of 

iterations is reached. 

 

The NSGA II flow chart and diagram with its principle of operation are shown in 

Figures 2.11 and 2.12. 

 

 
Figure 2.11 Non-dominated Sorting Genetic Algorithm II (NSGA II). 
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Figure 2.12 Basic Procedure of the Non-dominated Sorting Genetic Algorithm II 

(NSGA II) [51] 

 

For NSGA II to work properly, the different selection techniques, crossover and 

mutation operators and non-dominated sorting and diversity mechanisms must be 

carefully studied and wisely chosen.  

 

a) Crowding Distance determination 

 

A comparison operator is needed to determine which of the individuals, inside a 

same front 𝐹𝑟௜, are favored. In [60] this operator is defined in terms of the density 

of individuals surrounding a particular one inside a front. This density is found by 

calculating the crowding distance. The crowding distance 𝐶𝐷(𝑋ଵ) of an individual 

𝑋ଵ ∈ 𝑃௧ to its neighbors inside a front 𝐹𝑟௜ is a measure of the size of the largest 

cuboid containing 𝑋ଵ and no other solution of the population, as shown in Figure 

2.13.  The size of the cuboid is dependent to the objective function values of the 

individuals involved in the process. 

 

The calculation of the crowding distance for 𝑋ଵ  ∈  ℝூ in a front 𝐹𝑟௜ is done by 

sorting the individuals inside a set 𝐻 according to objective function 𝑓௠(𝑋). This 

is repeated for all objective functions in the MOOP so that every individual will 

have two neighbors with respect to each objective function. The crowding 

distance of  𝑋ଵ is found by adding up the differences between the objective vales 

of the left and the right neighbors with respect to each of the objective functions. 
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The algorithm to determine the crowding distance (𝐶𝐷) for every individual in a 

population is shown in Figure 2.14. 

 

 

Figure 2.13 Crowding Distance Calculation. 

 

 

 

 

 

 

 

 

Figure 2.14 Crowding Distance Algorithm. 

 

Bear in mind that 𝐻[𝑖] is the i-th element in 𝐻 and 𝐻[𝑖]. 𝑚 is the value of objective 

function 𝑓௠ of the 𝑖𝑡ℎ individual in 𝐻. The first and the last individuals in the 

sorted set 𝐻 are given a crowding distance value of ∞. Individuals with high 

crowding distance values are located in less-crowded regions and, as such they 

are favored in the sorting process. In this way, individuals of the same rank but 

with high crowding distance values have more chances of being selected to 

become parents and produce offspring individuals. 

 
b) Selection mechanism 

 

The selection mechanism determines which individuals are chosen for 

reproduction and how many offspring each selected individual will produce. The 

𝑘 = |𝐹𝑟|  
for each 𝑖 ∈ 𝐹𝑟  
     𝐶𝐷[𝑖] = 0 
     for each 𝑚 𝜖 𝑀 
          𝐻 = 𝑠𝑜𝑟𝑡(𝐹, 𝑚)          // Sort 𝐻 with respect to each objective value 
          𝐶𝐷[1] = 𝐶𝐷[𝑘] = ∞   // Solutions at the boundary are favored  
          for each 𝑖 = 2 to 𝑘 − 1 

               𝐶𝐷[𝑖] = 𝐶𝐷[𝑖] + ቀ
ு[௜ାଵ]௠ିு[௜ିଵ].௠

௙೘
೘ೌೣି௙೘

೘೔೙ ቁ 
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main principle of selection is that the better is an individual, the higher is its 

chance of being a parent. An individual is better than other based in non-

dominated criteria, rank and crowding distance values, with respect to the 

individual towards whom it is compared. 

 

In [65] proportional roulette wheel selection mechanism is discussed and 

analyzed. In this mechanism, individuals are selected with a probability that is 

directly proportional to their fitness values. The probability of selecting a parent 

is represented by spinning a roulette wheel. Since the size of the different areas 

in the wheel are proportional to the parent’s fitness, individuals with the largest 

fitness have more probability of being selected. This mechanism tends to give 

more weight to individuals with high fitness (super-individuals), which sometime 

makes the GA convergence early in the process to a local minimum. On the other 

side, in a rank-based roulette wheel selection mechanism the probability of an 

individual being selected is based on its fitness rank relative to the entire 

population [65]. This mechanism first sort individuals in the population according 

to their fitness and then grants them a rank according to a mapping fitness 

function. The size of the different areas in the spinning wheel is defined by these 

ranks. Hence, this mechanism maintains a constant pressure in the evolutionary 

search introducing a uniform scaling across the population and is not influenced 

by super-individuals. The mapping function is important for the performance of 

this selection scheme. 

 

Reference [60] introduces the Binary Tournament Selection mechanism in the 

NSGA II procedure. Tournament selection is probably the most popular selection 

method due to its efficiency and simple implementation. It adapts well to solve a 

MOOP since it considers the ranking process of every individual in terms of its non-

dominated status inside a population (front and crowding distance).  

 

In tournament selection 𝑁𝑝 individuals are selected randomly from a large 

population to compete against each other. The individual with the highest rank 

wins and will be included in a set of Parent individuals to produce the next 

generation population (offspring). In this sense, the non-dominated definition 

stated in section 2.4.3 can be complemented with these concepts as follows. If 
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there are two feasible individuals 𝑋ଵ and 𝑋ଶ  ∈  ℝூ in a MOO, individual 𝑋ଵ wins a 

tournament against 𝑋ଶ if any of the following conditions are true [60]: 

 

 Individual 𝑋ଵ has a better rank: 𝑋ଶ ≻ 𝑋ଵ  

 If they have the same rank but solution 𝑋ଵ has a better crowding distance 

than solution 𝑋ଶ: 𝐶𝐷(𝑋ଵ)> 𝐶𝐷(𝑋ଶ) 

 

The number of individuals competing in each tournament, referred as tournament 

size, is usually set to 2 (binary tournament). This mechanism gives a chance to all 

individuals to be selected preserving diversity, although keeping diversity may 

degrade the convergence speed. Figure 2.13 illustrates the mechanism of 

tournament selection. 

 

 

Figure 2.13 Binary Tournament Selection Process. 

 

The tournament selection has several advantages like low time computation 

efficiency, low susceptibility to takeover by super-individuals and no requirement 

for fitness scaling [66]. Thus, this method was chosen as the selection operator 

for the development of the research project. 
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2.5.6 Non-dominated Sorting Genetic Algorithm III (NSGA III) 

 

As it has been seen, NSGA II uses elitism to create a diverse Pareto-optimal front, 

has low computational complexity and does not require external parameters to be 

set before the simulation. Still, as any other MOEA, NSGA II faces drawbacks that 

compromises its convergence and diversity performances. For instance, if the 

number of individuals in the first non-dominated front becomes greater than Np 

during the evolutionary process, a cycle of generation of Pareto-optimal and non-

optimal solutions starts slowing convergence and degrading efficiency. In the same 

way, elite solutions are emphasized due to the tournament selection and 

recombination operator. This may lead to a loss of diversity, which generates and 

excessive selection pressure in a certain region of the search space. Finally, NSGA 

II uses a parameter-less diversity preservation mechanism, the crowding distance, 

that guarantees the diversity of solutions without the use of sharing parameters. 

As the number of objective functions in the MOOP increases beyond 4, it becomes 

complicated increasingly computational-expensive to determine the crowding 

distance. With many objective functions to be solved, individuals of a population 

are likely to be widely separated from each other requiring NSGA II to be 

complemented with special recombination and niching operators to find offspring 

solutions near to parent solutions [61]. 

   

These aspects are tackled by NSGA III, which is an improved version of NSGA II. 

The fundamental difference between NSGA II and NSGA III lies in the way the 

niche-preservation operation is performed. A general NSGA III procedure can be 

implemented by following the next steps [61, 62]: 

 

1. A random parent initial population 𝑃𝒕, of size 𝑁𝑝, is created. 

2. A set 𝐻 of evenly distributed reference points 𝑟௣ is generated on in the hyper-

plane space defined by the objective functions of the problem. 

3. For every individual 𝑛 in 𝑃௧, the fitness function of each optimization problem 

in the MOOP is evaluated in terms of its objective function and constraints. 

This is done by applying normalization process determining ideal and extreme 

solutions, which are used to find a normalised hyper-plane. 
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4. Non-dominated sorting is applied to divide the population into different non-

dominated fronts (𝐹𝑟ଵ, 𝐹𝑟ଶ, . . . , 𝐹𝑟௡). 

5. An offspring population 𝑄௧, of size 𝑁𝑝, is created using binary tournament 

selection, crossover, and mutation operators. 

6. Parent population 𝑃௧ and offspring population 𝑄௧ are combined to find a new 

mating set 𝑅௧, of size 2𝑁𝑝.  Again, fitness function is determined for 

individuals inside this new population and non-dominated sorting is applied to 

determine individuals’ fronts.  

7. A new population 𝑆௧ is constructed by selecting individuals of different non-

dominated levels one at a time, starting from 𝐹𝑟ଵ, until the size of 𝑆௧ is equal 

to 𝑁𝑝 or for the first time becomes larger than 𝑁. The first front is a 

completely non-dominant Pareto-set in the current population. 

8. Individuals in 𝑆௧ ⃥ 𝐹𝑟௟ are chosen for 𝑃𝒕ା𝟏 and the remaining population 

individuals are chosen from 𝐹௟ by the diversity maintenance operator.   

9. The perpendicular distance 𝑑 from each individual in 𝑆௧ to every reference 

line 𝑤 (joining the origin with a reference point 𝑟௣) is calculated. Every 

individual in 𝑆௧ is then associated with a reference point having the minimum 

perpendicular distance. 

10. A niche-preservation operation is used to select members from 𝐹௟ to the next 

generation. It works by identifying the reference points associated with 

solutions in 𝐹௟ front that have the minimum number of solutions associated 

𝜌௝. Then, depending on if any solution in the front 𝐹௟ is associated to these 

reference points, a solution is added to 𝑃௧ାଵ to increase the spread of the 

solutions. This step is repeated until the remaining population individuals of 

𝑃௧ାଵare filled so that this set has the best 𝑁𝑝 individuals.  

11. The whole process is repeated from step 5 until a maximum number of 

iterations is reached. 

 

The NSGA III flowchart with the steps described so far is shown in Figure 2.16. As 

it can be seen, NSGA III employs elitism by storing all nondominated solutions 

discovered so far, beginning from the initial population, enhancing the 

convergence properties towards the Pareto-optimal set. NSGA III estimates the 

density of solutions in the objective space to guide the selection process towards 

a uniformly spread Pareto-front across a pre-defined set of reference points. 
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Figure 2.16 Non-dominated Sorting Genetic Algorithm III (NSGA III). 

 

a) Reference Points 

 

NSGA III uses a predefined set of reference points to ensure diversity in the 

obtained solutions. These points can be either predefined in a structured manner 

or supplied directly by the user. Usually, the solution of the MOOP that wants to 

be solved is not known beforehand, so there is no sense in pre-defining a preferred 

set of reference points. In that sense, a methodology that allows the definition of 

reference points in a structured fashion needs to be adopted. 

 

For the present research project, the approach stated in [67] is used, which places 

points on a normalized hyper-plane, a 𝑀 dimensional unit simplex, that is evenly 

distributed in the space, equally inclined to all objective axes and has an intercept 

of one on each axis. If 𝑝 divisions are considered along each objective, the total 

number of reference points 𝐻 in a 𝑀-objective problem is given by: 

 

            𝐻 = ൬
𝑀 + 𝑝 − 1

𝑝
൰            (2.37a) 

 

Figure 2.17 shows the distribution of 15 reference points created in a normalized 

hyperplane for a MOOP with 3 objective functions and 4 divisions. It is interesting 

to note that NSGA III not only emphasize non-dominated solutions, but also 

individuals in other fronts which are in some sense associated with each of these 

reference points. Since the reference points are evenly distributed in the 

normalized hyperplane, it is expected that each Pareto individual found is 

associated to a single reference point and, as a result, the front will be widely 



68 
 

distributed across the search space. In that sense, it is suggested that the number 

of reference points created is equal to the number of individuals in the population: 

 

         𝐻 ≈ 𝑁𝑝       (2.37b) 

 

Figure 2.17 Reference points in a 3-dimensional normalized hyperplane with 4 

divisions [61]. 

 

b) Association Operator 

 

The NSGA III procedure requires to associate each population member with a 

reference point. For that purpose, a reference line corresponding to each 

reference point on the hyperplane is defined by joining the reference point with 

the origin. Then, the perpendicular distance from every individual to each of the 

reference lines is calculated as depicted in Figure 2.18. The reference points 

whose reference line is closest to an individual in the normalized objective space 

is considered associated with that individual [61]. 
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Figure 2.18 Association of Individuals with reference points. 

 

c) Niching Mechanism 
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A comparison operator is needed to determine which of the individuals inside a 

same front 𝐹௜, are favored to pass to the next generation to have a well spread 

Pareto front. In NSGA II, a crowding distance operator is defined in terms of the 

density of individuals surrounding a particular solution inside a front [60]. As it 

has already be seen, as the number of objective functions in a MOOP gets bigger 

than 4, it becomes difficult to compute the crowding distance of every individual 

[61]. This is because the identification of neighboring solutions demands a huge 

computational effort and any attempt to make computations faster, results in a 

poor spread of solutions along the Pareto-optimal front [60].   

 

To overcome this issue, NSGA III algorithm uses a niche preservation operator that 

works as follows [61]. After the non-domination sorting is applied to the combined 

offspring and parent population (𝑅௧ = 𝑃௧ ∪ 𝑄௧), the combined population is divided 

into different non-dominated fronts. Then a new population 𝑆௧ is constructed by 

selecting individuals of different non-dominated fronts one at a time, starting 

from the first front 𝐹ଵ until the size of 𝑆௧ is equal to 𝑁𝑝 or for the first time 

becomes larger than 𝑁𝑝. If the first scenario happens, then the new population is 

equal to the combined set (𝑃௧ାଵ = 𝑆௧). However, if the second scenario is the case, 

then the last front 𝐹௟ is identified and excluded from 𝑆௧.  

 

Later, the number of individuals in 𝑆௧/𝐹௟ associated with each reference point is 

counted and stored in a niche count 𝜌௥೛
. The reference point 𝑟௣ with the minimum 

𝜌௥೛
 is identified. In case there are more than one of such points, one of them is 

selected randomly. Under these circumstances two scenarios can happen [61]: 

 

 If 𝜌௥೛
= 0 , there are no associated individuals of 𝑃௧ାଵ to the reference point 

𝑟௣. This implies two cases. First, there are one or more point from the 𝐹௟ front 

that are associated with 𝑟௣. In this case the one with the shortest 

perpendicular distance from the reference line is added to 𝑃௧ାଵ and the 

counter 𝜌௥೛
 is added by one. Second, front 𝐹௟ does not have any member 

associated with the reference point 𝑟௣, so this reference point is excluded 

from further considerations.  
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 If 𝜌௥೛
> 0 , already one member associated with the reference point exists in 

𝑆௧/𝐹௟, the point with the minimum distance to the reference point 𝑟௣ is chosen 

from front  𝐹௟, if it exists, and added to 𝑃௧ାଵ. The count 𝜌௥೛
 is then increased 

by one. 

 

After the niche counts are updated, the procedure is repeated until all vacant 

population slots of 𝑃௧ାଵ are filled.  

 
2.5.7 Fitness Function 

 

The fitness function corresponding to every objective function in the MOOP must 

be determined according to the requirements of NSGA II and NSGA III and 

considering the different constraints involved in the problem. 

a) Constrain Handling Techniques 

 

The evaluation of the fitness of each objective function is a major component in 

a MOEA to assign a measure of the quality of every individual inside a population, 

no matter if it represents a feasible or infeasible solution. What is more, at one 

point in the evolutionary process any MOEA will necessary produce unfeasible 

individuals that must be evaluated somehow. This evaluation process implies using 

a methodology to handle constraints in a MOOP and proceed to determine its non-

dominated status for comparison.  

 

Consider a search space S consisting of two disjoint subsets of feasible and 

unfeasible subspaces, Ω and Z, respectively as shown in Figure 2.19. When solving 

a MOOP the MOEA searches for a feasible global optimum. During the search 

process it must deal with many feasible and unfeasible individuals in the search 

space [68]. This action is not easy because the evaluation of the fitness of every 

individual in a population must consider the impact of the constraints and 

objective functions in the fitness value. In this way, a proper comparison between 

individuals in the non-dominated process can be achieved. For instance, finding 

and comparing the fitness values of two feasible solutions 𝑥ଵand 𝑥ଷ in Figure 2.19 

can be done evaluating their objective function and applying non-dominated 
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definitions. However, finding and comparing fitness values of the two unfeasible 

solutions 𝑦ଷ and 𝑦ସ requires another approach.  

 

 

Figure 2.19 MOEA’s search space for finding a feasible optimal solution. 

 

It is important to define a mechanism to deal with unfeasible individuals to find 

their fitness and compare them using non-dominated concepts. Many techniques 

are available to deal with handling constraints in a MOOP. They combine 

evolutionary computation techniques with deterministic procedures for numerical 

optimization and correspond to the following groups: 

 

 Methods based on penalty functions 

Reference [68] describes several methodologies to penalize infeasible individuals 

using static, dynamic and adaptive penalty factors. Under these approaches, an 

infeasible solutions space vector 𝑋 is defined as the set of decision variables whose 

values do not comply with at least one of the constraints formulated in the 

optimization problem: 

 

             𝑋 = ቐ

𝑥௜  ∈  ℝ:   𝑔௝(𝑥௜) < 0                ;       𝑗 = 1, 2, 3, … . . , 𝑝

                 ℎ௝(𝑥௜) ≠ 0                ;       𝑗 = 𝑝 + 1, … . . , 𝐽

              𝑥௜
௠௜௡ ≤ 𝑥௜ ≤ 𝑥௜

௠௔௫    ;      𝑖 = 1, 2, 3, … . , 𝐼

ቑ              (2.38a) 

 

The constraint violation 𝐶(𝑋) for each constraint 𝑗 is calculated as follows: 

 

𝑐௝(𝑋) = ൜
𝑔௝(𝑥௜) +  ℎ௝(𝑥௜);   𝑖𝑓 𝑔௝(𝑥௜) < 0 𝑜𝑟 ℎ௝(𝑥௜) ≠ 0

 0                          ;   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                               
                    (2.38b) 
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All constraint violations are added together to get the overall constraint violation: 

 

𝐶(𝑋) = ∑ 𝑐௝(𝑋)
௃
௝ୀଵ            (2.38c) 

 

This constraint violation is multiplied by each penalty parameter 𝑅௠, and the 

product is added to each objective function value 𝑓௠(𝑋) to determine the fitness 

function 𝐹௠(𝑋) value:  

 

𝐹௠(𝑋) = 𝑓௠(𝑋) + 𝑅௠𝐶(𝑋)             (2.38d) 

 

As a result, the different fitness functions inside vector 𝐹(𝑋), associated to their 

corresponding objective functions, depend on the values of each decision variable 

inside an infeasible set of solutions: 

 

          𝐹(𝑋) = {𝐹ଵ(𝑋), 𝐹ଶ(𝑋), 𝐹ଷ(𝑋), … . 𝐹௠(𝑋) }                       (2.38e) 

 

The fitness function values consider the effect of the magnitude of the constraints 

violated on the objective functions. This effect is amplified in every fitness 

function using penalty factors. These factors are usually chosen by the decision-

maker and the quality of the MOOP’s solutions depend strongly on this choice.  

 

Moreover, [69] proposes a constraint-handling technique for EA using a violation 

factor. The method works for convex and non-convex MOOPs, does not requires 

any tuning of a penalty parameter to be performed and keeps the fitness value of 

each individual equal to its objective function.  

 

 Search for feasible solutions Methods 

GENOCOP constrain handling technique uses a variation operator which builds 

linear combination of feasible solutions to preserve their feasibility [70]. In the 

same way, GENOCOP II is based on dynamic penalties, divides constraints into 

fours subsets (linear and nonlinear equations and inequalities) and can distinguish 

between linear and nonlinear constraints [68]. In a complementary manner, 

GENOCOP III constraint handling mechanism uses GENOCOP in one of its two 

populations while the other population stores feasible solutions [71]. A special 
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operator is designed to convert solutions from the first population, which just 

satisfies linear constraints, into fully feasible solutions.  

 

In the same way, in [72] several handling techniques are also described like ε-

constrained and stochastics ranking methods. In the first one, a user-defined 

parameter controls the criterion used for comparison of infeasible solutions based 

on their sum of constraint violation or on their objective function value. The 

second one transforms a constrained optimization problem into an unconstrained 

one. Based on the sum of constraint violation, it uses a relaxation of a limit value 

to consider a solution feasible; and a lexicographical ordering mechanism in which 

the minimization of the sum of constraint violation precedes the minimization of 

the objective function of the problem.  

 

 Hybrid methods  

In reference [73] a constrain handling technique is proposed that makes pair-wise 

comparison using a tournament selection operator to devise a penalty function 

approach that does not require any tuning. A comparison between feasible and 

unfeasible individuals is developed and the dominance between individuals is set 

by their feasibility and the magnitude of constrain violation. Dominance-based 

constraint handling techniques incorporate constraints into the fitness function of 

a genetic algorithm [74]. The approach does not require the use of a penalty 

function nor a niching approach to maintain diversity in the population. It 

determines the dominance status of individuals based on their feasibility and 

constraint violation magnitude. Constraint-handling method based on Pareto-

optimality concept, designed for multi-objective and multi-constraint 

optimization problems, introduces the idea of non-dominance concept from the 

objective function space to the constraint function space [75]. What is more, [76] 

proposes a two-phase approach for solving constraint optimization problems. In 

the first phase, the objective function is completely disregarded, and the search 

effort is directed towards finding a single feasible solution. In the second phase, 

the problem is treated as a bi-objective optimization problem, turning the 

constraint optimization into a two-objective optimization. The two resulting 

objectives are the original objective function and the constraint violation degree. 

In the same way, Self-adaptive Constraint Handling (SACH) technique uses 

adaptive penalty functions and distance measures of individuals to modify the 
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objective functions, so that they can be used in the non-dominance sorting [77]. 

The Adaptive Trade-off Model (ATM) for constrained evolutionary optimization 

considers the evaluation of infeasible solutions when the population contains only 

infeasible individuals, balancing of feasible and infeasible solutions and the 

selection of feasible solutions when the population is composed of feasible 

individuals only [78]. Finally, an accelerating ATM is presented in [79] which aims 

to accelerate the ATM search process by using the shrinking space technique, so 

that the method can converge faster to competitive results without the loss of 

quality and precision.   

 

b) Objective Functions and Constraints Normalization 

 

The magnitudes and units of the objective functions and constraint violations in a 

MOOP are very different, making it difficult to compare them. What is more, some 

objective functions may need to be maximized, while others minimized. Thus, for 

a better analysis and fair application of constraint handling techniques, it is 

necessary to transform objective functions and constraints in such a way that all 

have similar order of magnitudes and to make all objective functions either be 

maximized or minimized [80]. To do this, it becomes necessary to normalize 

objective functions and constraints with respect to certain inner parameters, 

which usually are the maximum and minimum values, or nadir point, of the 

objectives search space. In the same way, applying duality concepts, 

maximization objective functions may be transformed into minimization ones 

multiplying them by -1 and vice-versa. Normalization play an important role in 

ensuring the consistency of optimal solutions with the preferences expressed by 

the decision-maker while handling constraints. Ensuring the use of the correct 

normalization methods plays a crucial factor in finding solutions near and spread 

along the Pareto-optimal front in a constrained MOOP. 

 

In terms of the NSGA II, the normalization of objective functions and constraints 

is made using the concepts stated in [77]. Normalization takes place by making all 

objectives to be minimized and comparing them against their maximum and 

minimum values, while constraints violation normalization is carried out 

considering the maximum value of each constraint violation.    
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Due to the nature of NSGA III, the normalization process of objective functions 

requires the determination of M extreme points to form a M-dimension hyperplane 

with positive intercepts in the objective function axis.  For instance, in [61] an 

adaptive normalization of population is considered that needs the computation of 

the minimum values of each objective function so that a translated objective 

function is found. An Argument Scalarization Function (ASF) is applied to these 

objective functions to find extreme points and form the hyper-plane. The 

intercepts of the hyperplane with the objective function axis are computed and 

the objective function are normalized considering the intercepts as nadir points. 

The problem with this approach is that the ASF used in the normalization 

procedure sometime fails to identify the solutions with the weak Pareto-

dominance relation. 

 

To overcome this issue, [60] proposes a modified ASF that considers and additional 

term in the function and allows the convergence of extreme points better. In the 

same way, [83] proposes a taxonomy of six different metamodeling ASF 

approaches for multiple and many-objective optimization problems. The paper 

describes a parameterized ASF procedure which involves the ASF formulation 

considering the impact of constraint violation, so the global optimum of the entire 

population can be targeted during the search. 

 

Additional issues arise with the methodology regarding the calculation of extreme 

points of the hyper-plane. After identifying the extreme points, the hyper-plane 

may not be formed due to a degeneration problem related to negative intercepts 

and non-existence of a unique hyperplane due to linearly dependent extreme 

points [84]. In order to overcome these difficulties, [81] and [82] propose the 

use of the maximum values of each objective function as intercepting points in 

the normalization process. 

 

c) Selected normalization and constraint handling techniques 

 

Due to the non-convex and mixed-integer nature of the GTMS problem of the 

research project, the normalization procedures stated in [77] is used in 

combination with NSGA II, while the normalization process stated in [79] [81] and 

the adjusted ASF stated in [83] are used to obtain well-constructed hyperplanes, 
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whose intercepts can be used to normalize objective functions in NSGA III.  In 

terms of constraint handling techniques, the SACH in [77] and the ATM in [80] and 

[79] are selected to deal with infeasible solutions found during the evolutionary 

process of NSGA II and NSGA III, respectively. With these methods in place, it is 

expected that infeasible solutions will be processed so that after each iteration, 

they can approach the feasible space of solutions as shown in Figure 2.20. 

 

 

Figure 2.20 Search process of SACH and ATM-ASF Normalization and Constraint 

handling Techniques. 

 

 SACH Normalization and Constraint handling Technique 

The SACH technique considers that all objective functions in a MOOP need to be 

minimized. It exploits the information infeasible individuals carry by defining two 

components in a fitness function: a distance measure and an adaptive penalty 

function. To apply this mechanism, first consider a vector or set 𝑋 of feasible and 

infeasible individuals inside a population of 𝑁𝑝 candidate solutions, whose 

decision variables define their respective objective function values. The minimum 

and maximum values of each objective function in the population are found using 

the following expressions: 

 

𝑓௠
௠௜௡ = Min

௡
𝑓௠(𝑋௡) (2.39a); 𝑓௠

௠௔௫ = Max
௡

𝑓௠(𝑋௡) (2.39b) 

 

Then, the normalization of objective functions takes place as follows: 

 

𝑓መ௠(𝑋௡) =
௙೘(௑೙)ି௙೘

೘೔೙

௙೘
೘ೌೣି௙೘

೘೔೙        (2.39c) 
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Where: 𝑓መ௠(𝑋௡) = Normalized value of objective function 𝑚  

 

The normalized constraint violation of each infeasible individual is determined as 

the sum of ratios of the magnitude of every constraint violation and their 

maximum values, divided by the number of constraints present in the MOOP: 

 

𝐶መ(𝑋௡) =
ଵ

௃
∑

௖ೕ(௑෨೙)

௖ೕ
೘ೌೣ

௃
௝ୀଵ      (2.40a) 

So that: 

𝑐௝(𝑋௡) = ൝
Max ቀ0, 𝑔௝(𝑋௡)ቁ         ;        1 ≤ 𝑗 ≤ 𝑝

Max൫0, หℎ௝(𝑋௡) − 𝛿ห൯ ; 𝑝 + 1 ≤ 𝑗 ≤ 𝐽
  (2.40b) ;   𝑐௝

௠௔௫ = Max
௝

𝑐௝(𝑋௡)  (2.40c) 

 

The term 𝛿 is a predefined very small tolerance value used to relax the equality 

constraints. For any feasible decision variable vector 𝑋, the constrain violation is 

𝐶௝(𝑋) = 0. Next, the distance measure 𝑑௠(𝑋௡) for each objective function 

dimension is determined using the following expression: 

 

𝑑௠(𝑋௡) = ቐ

𝐶መ(𝑋௡)                           ;   𝑖𝑓  𝜑 = 0

ට𝑓መ௠(𝑋௡) + 𝐶መ(𝑋௡)   ;  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
   (2.41a) 

So that:   

                      𝜑 =
ே௨௠௕௘௥ ௢௙ ௙௘௔௦௜௕௟௘ ௜௡ௗ௜௩௜ௗ௨௔௟௦

௉௢௣௨௟௔௧௜௢௡ ௌ௜௭௘
         (2.41b)  

 

Notice that if there are no feasible individuals in the population, the distance 

measure values are equal to the constraint violation of the individual. In this way, 

individuals with small constraint violation dominate individuals with high 

constraint violation. On the other hand, if there is more than one feasible solution 

in the population, then feasible and infeasible individuals’ distance values 

corresponding to a given objective function dimension 𝑚, will favor individuals 

closer to the origin in the 𝑚 space dimension [77]. Apart from the penalty imposed 

to feasible and infeasible individuals using the distance measure concepts, two 

additional penalties factors are added to the normalization process as follows: 

 

𝑝௠(𝑋௡) = (1 − 𝜑)𝑌(𝑋௡) + 𝜑𝑍௠(𝑋௡)   (2.42a) 
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So that: 

 

𝑌(𝑋௡) = ൜
0          ;   𝑖𝑓  𝜑 = 0

𝐶መ(𝑋௡) ;  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  (2.42b);    𝑍௠(𝑋௡) = ൜

0        ;   𝑖𝑓  𝑋௡ ∈ 𝑋𝑓

𝑓መ௠(𝑋௡);  𝑖𝑓  𝑋௡ ∈ 𝑋𝑖     
  (2.42c) 

 

Where:  

𝑝௠(𝑋௡) = Adaptive penalty function of objective 𝑚 

𝑋𝑓 = Subset of feasible solutions inside set 𝑋  

𝑋𝑖 = Subset of infeasible solutions inside set 𝑋  

 

Notice from this penalty function that, when the feasibility ratio 𝜑 of the 

population is small the penalty factor 𝑌(𝑋௡) have more impact than the second 

penalty factor 𝑍௠(𝑋௡). The former is formulated to have a large value for 

individuals with large amount of constraint violation. Hence, the amount of 

feasible and infeasible individuals present in the population will provide different 

penalty values favoring feasible individuals with low objective function values and 

penalizing infeasible individuals with large objective function values. The fitness 

function is formulated as the sum of distance measure and the adaptive penalty 

function of every objective function 𝑚: 

 

𝐹௠(𝑋௡) = 𝑑௠(𝑋௡) + 𝑝௠(𝑋௡)   (2.43) 

 

This fitness function formulation is very flexible and allows the utilization of 

infeasible and feasible individuals in a population efficiently. Notice that when 

the population is full of infeasible individuals, their constraint violation will be 

equal to the distance measure, and they will be compared based only on their 

constraint violation. On the other hand, if the population has mixed feasible and 

infeasible individuals, then individuals with low objective functions or constraint 

values are preferred. Similarly, if two individuals have similar distance measure 

values, then the feasibility ratio and the adaptive penalty function determine the 

dominant individual favouring individuals closer to the feasible search space. 

Finally in a population full of feasible individuals, individuals are compared based 

on their objective functions alone.  

 

 ATM/ASF Normalization and Constraint handling Technique 



79 
 

To take advantage of the ASF normalization process described above, in this thesis 

it has been adapted to the nature of the ATM constraint handling technique. To 

do so, the constrain violation 𝐶௝(𝑋௡) of each individual 𝑋௡ on the jth inequality or 

equality constraint are calculated using again equations (2.40b) and (2.40d) next: 

 

              𝐶መ௝(𝑋௡) = ቐ

0                                      ;     𝑛 ∈ 𝑋𝑓
௖ೕ(௑೙)ି୑୧୬

ೕ∈ೋమ
௖ೕ(௑೙)

୑ୟ୶
ೕ∈ೋమ

௖ೕ(௑೙)ି୑୧୬
ೕ∈ೋమ

௖ೕ(௑೙)
    ;     𝑛 ∈ 𝑋𝑖

                          (2.40d) 

 

During the search of feasible solutions, ATM divides the evolutionary process into 

3 stages defined by the value of the feasibility proportion 𝜑 of the current 

population, stated in equation (2.41b). All these stages occur as population inside 

NSGA III evolves towards a set of optimum solutions: 

 

 The infeasible stage (𝝋 = 𝟎): There is no feasible solution in the current 

population. 

 The infeasible scenario (𝟎 < 𝝋 < 𝟏): Both infeasible and feasible solutions 

exist in the current population. The population is divided into feasible and 

unfeasible sets as seen in equations (2.40): 

 

        𝑋𝑓 = ൛𝑥௜ ∈ 𝑋|𝐶መ(𝑋௡) = 0ൟ                                          (2.41a)  

      𝑋𝑖 = ൛𝑥௜ ∈ 𝑋|𝐶መ(𝑋௡) > 0ൟ                                           (2.41b)  
 

 The feasible scenario (𝝋 = 𝟏): Only feasible solutions exist in the current 

population.  

 

The objective functions of every individual are adjusted in accordance with the 

stage of the evolutionary process as follows: 

𝑓௠
ᇱ (𝑋௡) = 𝑓௠(𝑋௡)                (2.42a) 

𝑓௠
ᇱ (𝑋௡) = ቊ

𝑓௠(𝑋௡)                                                                   ;   𝑖𝑓  𝑛 ∈ 𝑋𝑓

𝑀𝑎𝑥൛𝜑 ∗ 𝑓௠
௠௜௡ + (1 − 𝜑) ∗ 𝑓௠

௠௔௫ , 𝑓௠(𝑋௡)ൟ  ;  𝑖𝑓  𝑛 ∈ 𝑋𝑖   
     (2.42b) 

 

So that: 

𝑓௠
௠௔௫ = Max

௡∈௑௙
{𝑓௠(𝑋௡)} ;    (2.42c)   ,   𝑓௠

௠௜௡ = Min
௡∈௑௙

{𝑓௠(𝑋௡)};     (2.42d)       
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Then, the extreme point of each objective function axis is identified using the 

adaptive achievement scalarization function (ASF) shown in equation (2.42), 

which allows the objective functions to be scalarized: 

 

𝐴𝑆𝐹(𝑋௡, 𝑤)ఫ̂,௠ = Max
ఫ̂

൜
ଵ

௪ഢ̂,ണො
∗ (𝑓௠

ᇱ (𝑋௡) − 𝑓௠
ᇱ,∗)ൠ          (2.43a) 

 

Where: 

𝑤ప̂,ఫ̂ Axis direction on the 𝑚th objective axis and it satisfies 𝑤ప̂,ఫ̂ = 0 if 𝚤̂ ≠ 𝚥̂ and 

𝑤ప̂,ఫ̂ = 1 if 𝚤̂ ≠ 𝚥̂. 

𝑓௠
ᇱ,∗ Ideal solution or minimum value of the of the 𝑚th adjusted objective function.  

 

Using equation (2.43), the ASF is then adapted by adding the normalized constraint 

violation 𝐶መ(𝑋௡) to identify solutions with weak Pareto dominance relation and to 

identify easily global optimum in the search space. 

 

𝐴𝑆𝐹௠,ఫ̂(𝑋௡, 𝑤) = ൝
𝐴𝑆𝐹௠,ఫ̂                                      ;       𝑖𝑓  𝑛 ∈ 𝑋𝑓

Max
ఫ̂

൛𝐴𝑆𝐹௠,ఫ̂ൟ + 𝐶መ(𝑋௡)          ;       𝑖𝑓  𝑛 ∈ 𝑋𝑖         (2.43b) 

 

Then, the M-extreme points along the M-objectives axes are found and are used 

to constitute a M -dimensional linear hyperplane. Later, the intercepts of the 

hyperplane along each of the M-objective axis are found using equation (2.44): 

 

൮

1/𝑎ଵ

1/𝑎ଶ
:

1/𝑎ெ

൲ = 𝑍ିଵ𝐸௧                 (2.44) 

Where :  

𝑍     𝑀 × 𝑀 matrix with the coordinates of extreme points. 

𝐸    (1 1 1 … 1) vector with a length of 𝑀. 

𝑎௠ Intercept of hyperplane with mth objective axis. 

 

Next, the objective functions of every individual are normalized using the 

following expression: 
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𝑓መ௠(𝑋௡) =
௙೘

ᇲ (௑೙)ି௙೘
ᇲ,∗

௙೘
ᇲ,೙ೌ೏ି௙೘

ᇲ,∗ =
௙೘

ᇲ (௑೙)ି௙೘
ᇲ,∗

௔೘ି௙೘
ᇲ,∗        (2.45) 

 

If any of the two degenerate cases described before appear during the 

normalization process, then the maximum value 𝑓௠
ᇱ,௠௔௫ is assigned to each 

objective function as the nadir point 𝑓௠,௝
ᇱ,௡௔ௗ. Finally, the fitness function of is 

determined by adding the normalized objective functions and constraint violation 

of every individual in the population: 

 

𝐹௠(𝑋௡) = 𝑓መ௠(𝑋௡) + 𝐶መ(𝑋௡)    (2.46) 

   

The proposed normalization process aims to adapt the ASF concepts to be used in 

constrained MOOP environment, handles in a better way individuals in the 

population with weak Pareto-dominance relation and use the different tradeoff 

stages of the ATM constraint handling technique in the search process of feasible 

solutions, by giving infeasible individuals with less constraint violation the chance 

to pass to the next generation. This last aspect is crucial, since after each 

generation infeasible individuals are pushed towards the feasible space so that, 

at one point during the evolutionary process, NSGA III only deals with feasible 

individuals. See Figure 2.20. 

 

2.5.8 Non-dominated sorting  

 

The selection of the adequate non-dominated sorting algorithm to be used with 

NSGA II and NSGA III is important to allow the creation of solutions as close as 

possible to the true Pareto Front and to improve the efficiency of the overall 

process. Many-nondominated algorithms are available in the literature, each of 

them with their own characteristics.   

For instance, Kung algorithm is the most efficient for determining the non-

dominated solutions in a population [85]. It first sorts the population in 

descending order in accordance with the first objective function. Thereafter, the 

population is recursively halved in a top 𝑇 front and a bottom 𝐵 front 

subpopulations. As top half is better in objectives, so the bottom half is checked 

for domination with top half. The solution of 𝐵, which is not dominated by solution 

of 𝑇, is combined with members of 𝑇 to form a merged population 𝑀. This method 
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is computationally better and gives results in less time. However, if other fronts, 

beside the first one, need to be obtained, then the process must be repeated after 

extracting the individuals of the first front from the population.   

 

On the other side, in [48] a non-dominated sorting algorithm is described, which 

classifies the 𝑁𝑝 individuals in a population 𝑃 into fronts {𝐹𝑟ଵ, 𝐹𝑟ଶ, … 𝐹𝑟௡}, inside 

which there is a set of individuals that do not dominate each other. The algorithm 

starts by computing the first non-dominated front and subtracting the elements 

of this front to the original population 𝑃. Then, the second front is determined in 

a similar manner and again, the solutions of this front subtracted to the new 

population. The computation of the rest of the fronts are done sequentially until 

no further elements exists in the population that requires classification. This 

algorithm demands the evaluation of each single solution while defining a front, 

making it computationally expensive and time consuming. 

 

In [60] a fast non-dominated sorting algorithm is proposed. In this approach the 

divide and conquer strategy is used by determining the number of individuals 

which dominate and the set of individuals that are dominated by a given 

individual. The algorithm first finds and store, for an individual 𝑋ଵ of a population 

𝑃௧, the number 𝑛(𝑋ଵ) of individuals that dominate 𝑋ଵ and the set of individuals 

𝑆(𝑋ଵ) dominated by 𝑋ଵ. This implies a direct comparison between 𝑋ଵ with all other 

individuals that belong to 𝑃௧. The first front 𝐹𝑟ଵ corresponds to the individuals that 

do not have any other individual dominating them (𝑛(𝑋ଵ) = 0). Then, an individual 

𝑋ଶ inside 𝑆(𝑋ଵ), which belongs to every individual inside the last front created 𝐹𝑟௟, 

is selected and compared with the rest of individuals that do not belong to any 

front and added to a new set 𝑄 if it is a dominating individual. In this case, its 

counter 𝑛(𝑋ଶ) is reduced by one and if 𝑛(𝑋ଶ) = 0, then 𝑋ଶ is added to a new front 

𝐹𝑟௜. The process is repeated until all individuals are incorporated into a front as 

shown in Figure 2.21. 
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Figure 2.21 Fast Non-dominated Sorting Algorithm [60].  

 

Even though this approach needs more storage requirements in comparison with 

the already discussed ones, it is the more efficient, fast, and less computational 

expensive, making it suitable to be used inside NSGA II and NSGA III. However, to 

apply effectively the fast non-dominated sorting algorithm, its procedure is 

adjusted so that it considers the constraint domination principle stated in [61] 

and [73]; and it incorporates the characteristics of the ATM constraint handling 

technique stated in [78].  

 

With respect to the first aspect, fast constrained non-dominated concept must be 

defined. A constrained solution 𝑋ଵ is said to constraint dominate another solution 

𝑋ଶ, if any of the following conditions is true [62]: 

 

a) If 𝑋ଵ is feasible and 𝑋ଶ is infeasible. 

b) If 𝑋ଵ and 𝑋ଶ are infeasible and 𝑋ଵ has a smaller constraint violation value 

𝐶(𝑋ଵ). 

c) If 𝑋ଵ and 𝑋ଶ are feasible and 𝑋ଵ dominates 𝑋ଶ with the usual domination 

principle explained before. 

 

In terms of the second aspect, the sorting mechanism must be able to cope with 

infeasible and mixed feasible-infeasible populations during the evolutionary 

process. To do so, the feasibility ratio 𝜑 is used as follows to direct the non-

dominated sorting procedure during the search process of NSGA II and NSGA III: 

 

a) Infeasible Population (𝝋 = 𝟎): The constrained MOOP with 𝑀 objective 

functions is converted into an unconstrained problem with 𝑀 + 1 objectives, 

by adding the constraint violation as an additional objective function. Then 
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the nondominated sorting is applied, and half of the individuals with less 

constraint violation (Part I) in the first front are chosen and removed from the 

population, since their constraint violation are less than those of the 

remaining individuals (Part II). This domination and sorting procedures are 

repeated with the remaining of the population so that half of the population 

with less constraint violation is removed. The process is repeated until a 

certain number of removed individuals is achieved so that they can be used to 

generate a new population using genetic operators. See Figure 2.22. 

  

 

Figure 2.22 Hierarchical nondominated individual selection scheme [78]. 

 

b) Mixed Feasible/Infeasible Population (𝝋 > 𝟎): The constrained 

nondominated sorting algorithm is applied in the MOOP with 𝑀 objective 

functions as explained earlier.  

 

2.5.9 Genetic Operators 

 

The process of generation of news individuals from selected parents is done by 

crossover and mutation operators which combine and mutate gens randomly from 

selected parent individuals to generate new child individuals or offspring. The 

selection of the suitable genetic operators is of vital importance to generate 

better offspring solutions during the evolutionary process. 

 

a) Crossover Operators 

 

A basic strategy used in MOEAs is to create the best offspring by crossing the best 

selected parents. The mating of parents occurs if a random number 𝑢 ∈ [0,1] is 
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below a given crossover probability 𝑝௖ with typical values of  𝑝௖ ≈ 0.75 … 0.85. 

Various crossover techniques are available in literature to get the optimum 

solution fast in few iterations as described in [86]. The selection of the best 

crossover operator has great impact on the performance of a MOEA to avoid 

premature convergence. 

 

For instance, one-point crossover is the simplest crossover technique available 

[86]. It uses the single point fragmentation of the parent individuals and then 

combines them at the crossover point to create two offspring or children solutions. 

The crossover point is chosen randomly. K-point crossover uses the same principle 

with the difference that instead of choosing one crossing point, to provide a 

greater combination of parents, it randomly selects K crossover points [87]. The 

parent’s gens in between certain crossover points are exchanged between the 

parents while others remain, so that two parents can produce two children 

individuals. Masked Crossover (MX) uses binary arrays of vectors (mask) to direct 

the exchange of gens between parents [88]. The only values in a mask array are 

1s or 0s and are generated randomly. Two parent individuals can generate two 

new individuals and the gens in the children individuals depend in the positions 

(locus) of the 1s and the 0s in the mask relative to the location of the parent gens. 

Statistics-based adaptive non-uniform crossover operator (SANUX) makes use of 

statistical information implicitly contained in a population to explicitly guide the 

crossover operation [89]. It uses statistical information of the allele distribution 

in the current population to adjust the swapping probability for each gene locus 

adaptively during the evolutionary process. Partially-matched crossover (PMX) 

randomly chooses two crossover points XP1 and XP2 which break the two parents 

in three sections [90]. In the first and the third sections the sequences of first 

parent are copied to the first child, while the second section of the first child is 

formed by the genes of the second parent. The inverse situation happens for the 

gens of the second child. Blend Crossover (BLX-a) is designed to work with real 

variables [91]. It creates new offspring with a given crossover probability. This 

occurs by sampling a new value in the range limited by the minimum and maximum 

values of the gen locus of each parent.  

 

SBX operator uses a probability distribution around two parents to create two child 

individuals, which is similar to the probability of creating children individuals in 
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crossover operators used in binary-coded Gas [92]. SBX puts stress on generating 

offspring near the parents and is defined in terms of the one-point crossover 

properties which are: 

 

 Average property: The average value of a decision variables is the same 

before and after the crossover operation. 

 Spread Factor Property: The relation between parents and children is defined 

by the spread factor 𝛽 that, using equation (2.47), can be defined as: 

 

                          𝛽 = ฬ
௫೔

మ,೟శభି௫೔
భ,೟శభ

௫೔
మ,೟ି௫೔

భ,೟ ฬ                                         (2.47) 

Where: 

𝑥௜
ଶ,௧ାଵ = Decision variable 𝑖 belonging to child individual number 2 

𝑥௜
ଵ,௧ାଵ = Decision variable 𝑖 belonging to child individual number 1 

𝑥௜
ଶ,௧ = Decision variable 𝑖 belonging to parent individual number 2 

𝑥௜
ଵ,௧ = Decision variable 𝑖 belonging to parent individual number 1 

  

This factor property states that probability of occurrence of 𝛽 = 1 is more 

likely than any other 𝛽 value. 

 

These properties imply that the characteristics of the offspring is related to the 

values of the parents and of the spread factor 𝛽 which combines two parents 𝑥௜
ଵ,௧ 

and 𝑥௜
ଶ,௧, such that 𝑥௜

ଶ,௧ > 𝑥௜
ଵ,௧, to produce two new offspring, 𝑥௜

ଵ,௧ାଵ and 𝑥௜
ଶ,௧ାଵ [86]. 

They guaranty that the difference between children individuals is proportional to 

the difference between parent individuals. They also favor near parent individuals 

be chosen as children rather than individuals distant from the parents in the 

solution space [91]. When children are enclosed by the parent individuals, the 

spread of the children individuals is smaller than that of the parent individuals 

(𝛽 < 1). Since children replace parent individuals, the crossover operator seems 

to have a contracting effect respect to the parent individuals. What is more, when 

the children enclose the parent individuals, the absolute difference is more than 

that of the parent points. In this situation the crossover operator has the effect 

of expanding the children individuals respect to their parent individuals (𝛽 > 1). 
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Furthermore, if parents and children individuals are equal, then a stationary 

crossover situation arises (𝛽 = 1) [92]. See Figure 2.23. 

 

 

Figure 2.23 Spread Factor Relation between parent and children population. 

 

To determine the probability of occurrence of a contracting, expanding or 

stationary crossover operator, the spread factor 𝛽′ is adjusted to the probability 

density function shown in equation (2.48): 

 

                     𝑃(𝛽) = ቐ

ଵ

ଶ
(𝜂௖ + 1)𝛽′ఎ೎                         ;         𝑖𝑓 𝛽 ≤ 1;   

ଵ

ଶ
(𝜂௖ + 1)

ଵ

ఉᇱആ೎శమ
               ;     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒         

                   (2.48) 

 

Figure 2.24 shows this probability distribution for 3 different values of distribution 

index 𝜂௖, which is a non-negative real number. A large value of 𝜂௖ gives a higher 

probability for creating near parent solutions while a small value allows distant 

children solutions to be created.  

 

Using the above equations, parameter 𝛽௤ is found equating the area under the 

probability distribution to a generated random number 𝑢 ∈ [0,1] as follows: 

 

                          𝛽௤ = ൞
(𝑢𝛼)

భ

ആ೎శభ                  ;         𝑖𝑓 𝑢 ≤
ଵ

ఈ
       

ቀ
ଵ

ଶି௨ఈ
ቁ

భ

ആ೎శభ
               ;     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒         

                   (2.49) 

So that:  

𝛼 = 2 − 𝛽௣
ି(ఎ೎ାଵ)   (2.50a);   𝛽௣ = 1 +

ଶ

௫೔
మ,೟ି௫೔

భ,೟ Min൫𝑥௜
ଵ,௧ − 𝑥௜

௠௜௡, 𝑥௜
௠௔௫ − 𝑥௜

ଶ,௧൯    (2.50b) 
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Figure 2.24 Probability density distribution function for SBX crossover operator. 

 

Parameters 𝛼 and 𝛽௣ considers the maximum 𝑥௜
௠௔௫ and minimum 𝑥௜

௠௜௡ values that 

a decision variable 𝑥௜
௧ can have during the evolution process. In this way it is 

guarantee that the generated children individuals 𝑥௜
ଵ,௧ାଵ and 𝑥௜

ଶ,௧ାଵare between 

these limits. Finally, the children individuals are calculated as follows: 

 

𝑥௜
ଵ,௧ାଵ =

ଵ

ଶ
ൣ൫𝑥௜

ଶ,௧ + 𝑥௜
ଵ,௧൯ − 𝛽௤൫𝑥௜

ଶ,௧ − 𝑥௜
ଵ,௧൯൧                    (2.51a) 

𝑥௜
ଶ,௧ାଵ =

ଵ

ଶ
ൣ൫𝑥௜

ଶ,௧ + 𝑥௜
ଵ,௧൯ + 𝛽௤൫𝑥௜

ଶ,௧ − 𝑥௜
ଵ,௧൯൧                          (2.51b) 

 

If there is a situation when 𝑥௜
ଶ,௧ < 𝑥௜

ଵ,௧, then a simple modification of the above 

equations can be made to determine offspring individuals.  

 

SBX is found to be particularly useful in problems having multiple optimal solutions 

with a narrow global basin and where the lower and upper bounds of the global 

optimum are not known a priori [92]. It generates an important perturbance to 

the parent individuals which increases the exploitation of new solutions in the 

search space. However, a major drawback of the methodology is that the distance 

between child and parent individuals depends in the value of the distribution index 

𝜂௖. This parameter has a direct effect in controlling the spread of offspring 

individuals. Since the search process of optimal solutions depends on the diversity 

of child individuals, an appropriate tuning of 𝜂௖ becomes an important task.  

 

To overcome this issue, [93] suggests a self-adaptive procedure of updating the 𝜂 

parameter by using the extension-contraction concept. If the created child 
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individual is better than the participating parent individual, the child individual is 

extended further in the hope of creating even better solutions. On the other hand, 

if a worse solution is created, a contraction is performed. Either task will result 

in an updated of 𝜂௖, so that the newly created extended or contracted offspring 

individual has an identical probability of creation with an updated 𝜂௖′. The 

methodology allows to direct the creation of new individuals towards feasible 

spaces by assigning a particular 𝜂௖′ to every individual created. However, it 

requires an additional step related to evaluating when a child is better than a 

parent individual, which involve the use of non-dominated criteria. What is more, 

it requires the definition a priori of the magnitude of how better or worse a child 

individual is with respect to the parent individuals. The definition of this 

parameter is vital to update the value of the distribution index to 𝜂௖′. 

 

On the other hand, [94] proposes the use of a Self-Adaptive Mechanism (SAM) to 

exploit and optimize the balance between exploration and exploitation during the 

evolutionary process of solutions. This ‘‘explore first and exploit later’’ approach 

is addressed through the automatic and dynamic adjustment of the distribution 

index 𝜂௖ of the SBX operator. It is applied by implementing a modified diversity 

running performance metric defined in [95] and [96] to dynamically assess the 

diversity performance of the generated solution sets. The steps to calculate the 

diversity are as follows: 

 

1. Divide the 𝑀-dimension hyperplane into 𝑝 grids, according to stablished 

maximum and minimum limits, equal to the ratio of the population size 𝑁𝑝 and 

the number of objective functions 𝑀. The diversity performance metric 

depends on whether each grid contains a solution or not. The best diversity 

performance is achieved if all grids contain at least one solution point. 

 

2. For each grid, a diversity array ℎ is calculated using the following expression:    

 

ℎ(𝑖) = ൜
1, 𝑖𝑓 𝑔𝑟𝑖𝑑 𝑐𝑜𝑛𝑡𝑎𝑖𝑛𝑠 𝑎 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛
0, 𝑜𝑡ℎ𝑒𝑟𝑤ℎ𝑖𝑠𝑒

                   (2.52) 

 

3. Assign a value 𝑚() to each grid 𝑖 considering its neighbouring grid’s ℎ value in 

the diversity array using the mapping table shown in Table 2.2. 
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Table 2.2 Mapping table to assign a value to 𝑚() [95]. 

 

 

4. For each objective, a diversity measure 𝑑௠ is found by averaging the 𝑚() values 

of each grid using equation (2.53). This calculation is illustrated in Figure 2.25. 

𝑑௠ =
∑ ௠(௛(௜ିଵ),௛(௜),௛(௜ାଵ))೛

೔సభ

௣
   (2.53) 

 

 
        Figure 2.25 Illustration of the computing process of 𝒅𝒎. 

 
5. An overall diversity performance metric 𝐷ெ is calculated by averaging the 

diversity measure of all objective spaces using expression (2.54): 

 

           𝐷ெ =
∑ ௗ೘

ಾ
೘సభ

ெ
    (2.54) 

 

6. An updated 𝜂௖′ is determined based on the 𝐷ெ value by defining a close value 

range (CVR), that corresponds to the range of values of 𝛽 located between 0.9 

and 1.1. In this sense, the probability of any 𝛽 falling into the CVR equals to 

the diversity performance metric 𝐷ெ as shown in Figure 2.26.  

 



91 
 

0.5 0.5+DM/20.5-DM/2

1 1.10.9

u

β 0

0

contracting β expanding β 
DM

CVR

 
Figure 2.26 Mapping between 𝜷 and 𝒖 values in SBX-SAM operator. 

 

To introduce the SAM into the SBX procedure, two values of 𝑢 are determined 

by mapping the extreme values of 𝛽 as shown in Figure 2.26. These values are 

introduced in equation (2.55) to determine two values of the distribution 

index (𝜂௖ଵ′, 𝜂௖ଶ′), which are averaged to update the distribution index to 𝜂௖′.  

 

𝜂௖′ = ቐ

୪୭୥ ଶ௨

୪୭୥ ఉ
− 1, 𝑢 ≤ 0.5;

− ቀ1 +
୪୭୥ ଶ(ଵି௨)

୪୭୥ ఉ
ቁ , 𝑢 > 0.5

   (2.55) 

 

Random initialized populations cause poor diversity performance at the 

beginning of the evolution of the population; and consequently, lowers the 

probability of 𝛽 falling into CVR. In a later stage, 𝐷𝑀 stabilizes at a relatively 

high value and the exploitation phase starts as the probability of 𝛽 in between 

CVR is higher [94]. 

 

As it can be seen, SAM can alleviate the tedious process of parameter tuning which 

is time-consuming and involves the need to know beforehand the nature of the 

solution of the problem. What is more, it allows the SBX operator to become 

parameter-free, so that an initial value of 𝜂௖ is set at the beginning of the 

evolutionary process. To take advantage of these benefits, the SBX-SAM is adapted 

to be used in the NSGA III environment by making the number of grids in each axis 

of the hyperplane space equal to the number of partitions defined during the 

generation of the set of reference points.  

 

b) Mutation Operators 
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The purpose of mutation operation is to change the genes of the offspring and 

increase the search space and diversity of the population. A mutation operation 

happens if a random number 𝑢 ∈ [0,1] is below a given mutation probability 𝑝௠, 

with typical values of 𝑝௠ = 0.01 … 0.05. This process does not occur often but 

enables a MOEA to escape local optimal solutions to avoid premature convergence.  

 

Different mutation approaches have been proposed depending on the type of 

variables used in a MOOP. Reference [70] describes a random-mutation operator, 

where a child individual is chosen randomly from a given population and its value 

is randomly mutated to a new value inside given variable limits. What is more, 

publication [97] describes mirror-mutation and binary bit-flipping mutation 

operators which are similar in nature. The mirror mutator replaces a gene with its 

mirror value at the middle point of the boundary interval for the gene, whereas 

in the bit-flip mutation it remains unchanged. Furthermore, in [98] a Gaussian-

mutation operator for real-variables is described, where it changes the value of a 

random gen of an individual to a neighbouring value using a normal probability 

distribution function.  

 

An elitist polynomial mutation operator is described in [64] and [98]. In this type 

of mutation mechanism, the probability of creating an individual near to its parent 

is higher than the probability of creating an individual distant from its parent. This 

probability distribution is adjusted to a polynomial function of the type: 

 

                                   𝑃(𝛿) =
ଵ

ଶ
(𝜂௠ + 1)(1 − 𝛿)ఎ೘                                   (2.56) 

 

The shape of the probability distribution is controlled by an external non-negative 

parameter 𝜂௠, called the distribution index for mutation, that determines how 

close the child value is respect to the parent’s value as shown in Figure 2.27. 

 

Using the above equation, it is possible to find the values of 𝛿௤ by equating the 

area under the probability distribution function to the values of a generated 

random number 𝑢 ∈ [0,1] as follows: 
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Figure 2.27 Probability density distribution function of Polynomial mutation 

operator. 

 

𝛿௤ = ቐ
[2𝑢 + (1 − 2𝑢)(1 − 𝛿)ఎ೘ାଵ]

భ

ആ೘శభ − 1                              ;         𝑖𝑓 𝑢 ≤ 0.5;   

1 − [2(1 − 𝑢) + 2(𝑢 − 0.5)(1 − 𝛿)ఎ೘ାଵ]
భ

ആ೘శభ               ;     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒         

  (2.57a) 

 

So that:                    𝛿 =
௠௜௡ቀ௫೔

భ,೟ି௫೔
೘೔೙,௫೔

೘ೌೣି௫೔
భ,೟ቁ

௫೔
೘ೌೣି௫೔

೘೔೙                                  (2.57b) 

 

The value of 𝛿 is adjusted to consider the maximum 𝑥௜
௠௔௫ and minimum 𝑥௜

௠௜௡ 

values that a decision variable 𝑥௜
௧ can have during the evolution process. In this 

way it is guarantee that the mutated child value 𝑥௜
ଵ,௧ାଵ is between these limits 

[99], [100].  After defining a random number 𝑢 and calculating 𝛿௤, the mutated 

child value is calculated using equation (2.58):  

 

𝑥௜
ଵ,௧ାଵ = 𝑥௜

ଵ,௧ +  𝛿௤൫𝑥௜
௠௔௫ − 𝑥௜

௠௜௡൯                                 (2.58) 

 

Notice that 𝛿௤ represents the magnitude of the perturbance applied to the parent 

individual to generate a mutated child individual.  

 

Polynomial mutation operator allows big jumps in the search space of the decision 

variable [99], allowing the optimization process better chances of escaping from 

local optima. However, it relies heavily in the mutation distribution index 𝜂௠, 

whose value will determine the magnitude of the perturbation that will define the 

mutated child solution. Thus, a time-consuming tuning process is needed to find 
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the adequate value of 𝜂௠, and of the mutation probability 𝑝௠ as well, to obtain 

satisfactory results. 

 

To overcome this situation, [101] and [112] propose a self-adaptive polynomial 

mutation operator that allows to update the values of 𝑝௠ and 𝜂௠ as iteration 

progress using equations (2.59a) and (2.59b): 

 

𝑝௠ =
ଵ

ே௣
+

௧

௧೘ೌೣ
ቀ1 −

ଵ

ே௣
ቁ   (2.59a) ;      𝜂௠ = 0.5 +

௧

ଵ଴
    (2.59b) 

 

Where: 𝑡 = current iteration or generation of individuals. 

 𝑡௠௔௫ = Maximum number of iterations. 

 𝑁𝑝 = Number of individuals in the population. 

 

The scheme is designed to exploit the relatively diverse population in the initial 

generations, at the same time enabling good exploration of the decision space by 

keeping a lower value of 𝜂௠ to have a high perturbance. During later generations, 

a higher 𝑝௠ and a large 𝜂௠values ensure an effective local exploration [102]. 

  

The self-adaptive polynomial mutation operator is chosen to be used in the 

research project since it does not require any parameter tuning and at the same 

time it works well when solving constrained optimization problems. 

 

2.5.10 Multi-criteria Decision-Making Tools 

 

MOEAs, like NSGA II and NSGA III, have demonstrated that are capable of finding 

multiple and diverse near Pareto-optimal solutions at the end of the simulation 

run. It is natural to ask how a decision-maker chooses a particular solution from 

the obtained set of non-dominated solutions. This depends on the multi-criteria 

decision-making tools used and their characteristics. 

  

Multi-criteria decision making refers to making choice of the best alternative from 

a finite set of decision solution alternatives in a MOOP with conflicting objectives 

[104]. Multi-criteria decision making involves the following activities:  
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 Determination of a set of solutions ranked according to their fitness value. 

 Applications of a criteria to quantify the importance each objective inside the 

problem will have in the final optimal solution. 

 Use a Multi-criteria decision-making tool to find the optimal final solution. 

  

Multi-criteria decision-making tools help a decision-maker to select the best 

solution or, in the context of the project MOOP, best individual. Several multi-

criteria tools are described in reference [105]. Their application depends on the 

nature of the MOOP, its internal consistency and transparency, its 

implementation, and data requirements. 

 

The research focusses on the Technique for Order Preference by Similarity to the 

Ideal Solution method (TOPSIS) described in [103] since it can work with a-

posteriori MOEAs. TOPSIS selects the individual (solution) with its objective 

function’s values closest or farthest from the best or worst individuals, 

respectively. TOPSIS is based on information regarding the values of the objective 

functions and the weights the decision-maker assigns to each of them.  

 

TOPSIS is a simple, rational, and comprehensible method, suitable for MOOP with 

many objective function and individuals and especially where objective functions 

values are available for decision making [103]. A detailed description on how it 

operates is presented in Appendix 1 of the present document. What is more, it is 

computationally efficient and accounts for both the best and worst objective 

functions in a population, to measure the relative performance of every individual 

in a simple mathematical way [104]. However, for using TOPSIS the weights of 

each objective function must be defined before-hand, so the determination of the 

best individual depends largely on the judgment made by the decision-maker when 

assigning these weights. 

 

2.6 Generation and Transmission Maintenance Scheduling Models 
 

The existing literature, in the academy and in the industry, tackles the optimal 

maintenance scheduling problem identifying the best optimization techniques, 

the type of market environment and considering the goals of the industry.  
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2.6.1 Academic approach to maintenance scheduling problems 

 

In a deregulated market environment, electricity utilities compete to maximize 

their profits, minimize costs, and improve their competitiveness; hence their 

objectives conflict each other. Since electricity prices in the market are highly 

volatile, different generation and transmission MS arrangements will have 

particular financial impacts in every company.  

 

Under these circumstances, GENCOs are unlikely to share sensitive information 

that may be of use for the competition. However, for planning purposes, the ISO 

may need to know at least what the GENCOs and TRANSCOs’ maintenance 

scheduling strategies are in the medium-term to verify that a reliable operation 

of the system can be performed. In that sense, it is necessary that the ISO 

coordinates the MS proposed by the electricity utilities to maintain a secure and 

reliable operation of a power system to supply the demand at a minimum cost. 

There are many methodologies that can assist the ISO to perform this task, and 

the literature has classified them based on the facilities to be maintained and the 

optimization techniques used.  

  

a) Maintenance of generation units 

 

Publication [106] propose a new market mechanism for regulating the 

coordination of maintenance schedules developed by GENCOs for their thermal 

generation units, to keep the security and reliability of the power system 

operation. The proposal involves GENCOs submitting their MS and their willingness 

to pay to keep that schedule intact to the ISO. In turn, ISO analyse the proposal 

and, using the Loss of Load Probability (LOLP) index, checks the security of the 

system. In case the MS submitted by the GENCOs could lead to insecure system 

operation, then the ISO modifies the MS of the units belonging to the GENCOs with 

less willingness to pay informed. The mechanism puts emphasis in the security of 

a system with few units but, without considering GENCO’s profits. 

 

In the same manner, [107] presents an approach for formulating the maintenance 

scheduling problem of thermal power units in a competitive market using mixed 
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integer linear programming. It incorporates long-term bilateral contracts with 

defined profiles of traded power and price, and weekly forecasted market prices 

for market auction. In the proposed maintenance scheduling formulation, 

GENCO’s aim is to maximize profit through negotiating in the market its bilateral 

contracts. The GENCO is responsible for performing necessary maintenance of its 

power units to sustain its position in the market. The maintenance periods of time 

for power units are scheduled either by one GENCOs only or by coordination 

between profit-seeking GENCOs and a reliability-concerned ISO. 

 

Paper [108] proposes the scheduling of generation equipment maintenances 

under an economic criterion, considering reliability in the form of constraints. The 

maintenance scheduling objective is to maximize the profit of a GENCO 

participating in the market subject to keeping the reliability of the system. 

Additionally, a penalty component for GENCOs is added to the objective function 

to consider the energy not supplied (ENS) in the market. To replace the generation 

equipment capacity under maintenance, a reserve margin is defined in the model 

as a benchmark. The choice of this reserve is done by the ISO when making power 

balances.  

 

In the same manner, reference [109] presents a dynamic programming 

methodology for finding the optimum preventive generation maintenance 

schedule of a GENCO in open power systems. The objective function for the GENCO 

is to sell electricity as much as possible, according to the market price forecast. 

Various constraints such as generation capacity, duration of maintenance and 

maintenance crew are considered. Furthermore, a new formulation for solving the 

GMS problem is proposed in [110], considering electricity prices, demand 

forecasts, generation capacity and maintenance resources constraints. It 

minimizes and maximizes GENCOs costs and profits respectively, to identify the 

best MS of conventional units of a GENCO. The approaches discussed above work 

efficiently with few units and do not consider system operation costs. 

 

Publication [111] proposes an approach that minimizes the unit maintenance 

costs using integer programming method. If a unit is scheduled for maintenance 

early, a part of the investment made in the previous maintenance is forgone as it 

was meant for a longer duration of operation of the unit. On the other side, 
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deferring maintenance of the unit beyond the maximum period involves extra 

expenses for maintenance caused by partial or full damage of machines. The 

proposed method seeks a trade-off among the two, but without considering 

network constraints.   

 

Reference [112] describes a method for calculating the Loss of Load Expectation 

(LOLE) and the expected ENS in a hydro-thermal power system. It converts the 

initial load curve into a thermal load curve, which enables the separation of 

thermal and hydro unit’s generation in the system to facilitate both the reliability 

evaluations and the maintenance scheduling. The method uses a heuristic 

algorithm that seeks to level the risk of ENS in different periods, pursuing 

minimum risk in the least favorable period. Even though the reliability of the 

system is kept considering two reliability indexes, the proposed method assumes 

that the hydro energy and capacity are known and fixed for each period.  

 

Paper [113] presents a GA methodology for finding the optimum preventive 

maintenance schedule of thermal generation units of a GENCO in a restructured 

power system. The problem is separated into two objective functions. One related 

to the maximization of profits, which is solved by the GENCO to obtain an initial 

schedule. This schedule is sent to the ISO who in turn solves a second objective 

function which is to maximize the net reserve of the system. If this problem is 

infeasible, the ISO sends a restriction to the GENCO who must add it to its 

objective function to determine a new generation schedule. In the same way, 

reference [114] presents results of modeling and solving a maintenance 

scheduling problem of generating units in a competitive environment. The 

objective function for the GENCO is to sell electricity as much as possible, 

according to market clearing prices forecasted. On the other side, the objective 

function of the ISO is to maximize the reserve capacity of the system in each 

period; provided the energy purchased cost is smaller than a predetermined 

amount when the units of GENCOs are out for maintenance. GA for finding the 

optimum preventive MS of generating units is used. Both references present 

mechanisms that keep the system reliability, without addressing the operation 

cost of the system. 
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Two approaches based on NSGA II and Group Search Optimizer are used in [115] 

and [116] respectively to solve the GMS problem. The GENCOs profits, the 

reliability and the total operation cost of the system are optimized 

simultaneously. A new variable encoding technique is used to represent the 

generator’s maintenance, online and start-up status. The Pareto-optimal solutions 

generated by both approaches represent a set of unit’s MS and show the conflicting 

nature of the objective functions considered. Each MS generated is associated to 

a single reliability index but to more than one system operation cost, increasing 

unnecessary the solutions in the feasible space. Thus, many solutions must be 

processed to identify the best generation MS.   

 

b) Maintenance of transmission facilities 

 

Publication [117] present a decomposition approach based on duality theory for 

line maintenance scheduling in the short term with transmission and voltage 

constraints. The formulation consists of a master program and sub-problems with 

two independent programming. In the master problem, maintenance problem is 

solved and in the subproblems, transmission and voltage problems are solved 

independently. Since canceling a transaction or purchasing reactive power relates 

to the loss of revenue, the trade-off between maintenance cost and revenue loss 

are optimized in the proposed method. While introducing the loss of revenue as 

one of the objective functions, the proposed method is flexible enough to 

accommodate various pricing objectives and methods. 

 

Paper [118] presents a methodology for the evaluation of requested transmission 

outages, viewed as a constrained optimization problem. In this work the objective 

function is to minimize the rescheduling of a set of outages demanded by one or 

more utilities. The ISO is supposed to attend the proposed schedules. However, 

the optimal schedule should guarantee that system operation constraints are 

satisfied. Outages that lead to constraint violations are rescheduled so that these 

violations are eliminated, considering that the deviation of the initial schedule 

should be minimized. This approach uses a single objective function that only 

consider transmission outages priorities.  

 

c) Maintenance of generation units and transmission facilities 
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Paper [119] presents a procedure to determine the maintenance scheduling of 

generation and transmission facilities in an electrical system. The maintenance 

schedules are determined by each GENCO and TRANSCO and sent to the ISO who 

collects them and determines which of these maintenance activities can proceed 

as requested without violating the system reliability. The ISO establishes the load 

point reliability criteria used to assess the adequacy of the system and load points 

when specific facilities are removed from service. The main issue with this 

approach is in defining the adequate load point reliability criteria.   

 

Publication [120] proposes a methodology for the development of a scheduling 

technique for preventive maintenance of generating units and lines, with the 

inclusion of transmission constraints and forced outage rates, over a specified 

operation period. The main objective is to maximize the profit of the GENCOs and 

maintain the system reliability during the period of analysis using Benders 

Decomposition Method. The methodology proposed defines a master problem for 

the GENCO perspective, which involves the minimization of loss of profit due to a 

generation unit going into maintenance. In the same way, a master problem is 

defined for a TRANSCO which involves the minimization of maintenance costs. 

Both master problems are solved subject to constraints related to the duration of 

the maintenance and the simultaneity of electrical facilities maintenances. Both 

master problems are binary–integer problems. The proposed maintenance 

schedules are sent to the ISO who test the reliability violations in the network 

using subproblems that minimize the energy not supplied subject to the 

generation and transmission lines capacity and the energy balance in each node 

of the system. This is done by including the GENCO schedule as a constraint to the 

TRANSCO algorithm or vice versa. If any violation is detected, then the TRANSCO 

schedule is modified to get the final schedule. Even though the coordination 

mechanism works well, the approach of this publication has been evaluated in a 

small test system.  

 

Publication [121] proposes to solve the maintenance scheduling problem using 

Bender Decomposition Method. At the first stage, a master problem is solved to 

determine a solution for maintenance schedule decision variables. In the second 

stage, sub-problems are solved to minimize operating costs while satisfying 
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network constraints and generators’ forced outages. Benders cuts based on the 

solution of the sub-problem are introduced to the master problem for improving 

the existing solution. The iterative procedure continues until an optimal or near-

optimal solution is found. Paper [122] proposes to consider transmission line 

maintenance scheduling and line capacity limits along with generation and line 

outages. It decomposes the global generator/transmission scheduling problem into 

a master problem and sub-problems using Benders’ decomposition. In this case, a 

master problem is solved to minimize the maintenance costs to determine a first 

maintenance schedule. In the second stage, sub-problems are solved to minimize 

operating costs while satisfying the network constraints. Finally, publication [123] 

again uses Benders Decomposition Method to solve the maintenance problem, but 

this time including network constraints, fuel and emission constrain of generation 

units in the long term. Bear in mind that these decomposition mechanisms tackle 

the GTMS problem as a single objective optimization problem. 

 

2.6.2 Industrial approach to Generation and Transmission 

Maintenance Scheduling  

 

The electricity industry in many parts of the world tackles the GMS problem using 

classical optimization techniques combined with complex coordination 

mechanisms among GENCOs and the ISO, to find a unique MS that minimizes the 

operation cost of the system while keeping high the reliability and security of the 

network.  

 

For example, the regulation in the electricity sector of Bolivia [124] and Ecuador 

[125], requires GENCOs and TRANSCOs to send their MS proposals to the ISO, who 

analyzes them and produce a unique MS, making sure that the reliability of the 

system is above a certain margin. If it is not, then the ISO requires the GENCOs to 

modify their MS accordingly until a final MS is agreed on.  

 

In Brazil [126] [127], the coordination process described earlier happens as well 

but for each of the four subsystems defined inside the national interconnected 

network. At the same time, the ISO determines programmed unavailability factors 

for each unit according to the proposed MS which have a direct impact on the 
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capacity electricity prices and the remuneration of GENCOs. If there is a problem 

with the reliability, the ISO coordinates with the GENCOs involved in the problem 

a new MS using the programmed unavailability factors as negotiation tool.  

 

In Chile [26], the GTMS problem is defined considering the cost of faults in the 

system as well, that may occur while certain facilities are on maintenance. In the 

UK [128], National Grid Electricity Transmission (NGET) receives the MS proposals 

of GENCOs to draw up a GMS draft plan and notify them about it, highlighting the 

reasons why certain electricity facilities outages have been modified. If any utility 

is unhappy with the outcome, it can contact NGET, explain its concerns and discuss 

a new solution. All these industry practices result in a unique MS that may not 

render the minimum operation cost or maximum reliability of the system.  
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CHAPTER 3 

 

FORMULATION OF THE MAINTENANCE SCHEDULING 

PROBLEM 

 

A power system maintenance scheduling problem is usually defined in terms of its 

integer and real variables and its non-convex nature [15]. For a given number of 

generating units and transmission lines that need maintenance along a horizon of 

time there are real variables, associated with the power output of generation 

units, and binary variables, corresponding to the availability of electricity 

facilities. 

 

These variables need to be correctly identified and treated to formulate the 

conflicting objective or goals that the Generation Companies (GENCO) and the 

Independent System Operator (ISO) have in the market. At the same time, system 

operation requirements, Transmission Companies (TRANSCO) maintenance 

policies, market transactions among GENCOs and Distribution Companies (DISCO), 

and the renewable energy variability need to be added to the formulation as 

constraints.  

 

In this way, the objective functions and constraints formulation will define the 

GTMS problem, so that it can be modeled correctly and, with the aid of three 

power system scenarios with different network configurations and generation 

technologies, understood accordingly.  

 

3.1 Single-node thermal system scenario 
 

This scenario is composed of many thermal units connected to a unique node to 

supply the demand of electricity of a single load. Under this system scenario, the 

formulation is performed to solve a generation maintenance scheduling (GMS) 

problem, considering the associated binary and real variables and the objectives 
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of the GENCOs and the Independent System Operator (ISO) in a competitive 

electricity market. 

 

3.1.1 Variable Representation 

 

The GMS problem deals with mixed integer-real variables corresponding to the 

maintenance statuses and outputs of generation units. To describe them, the 

following variable representation techniques are used. 

 

a) Maintenance Variables 

 

Generation unit 𝑗 is assigned a maintenance variable or maintenance starting time 

𝑥௝
௚, found considering the allowed earliest 𝑠௝

௚
 and latest 𝑘௝

௚ maintenance starting 

times and maintenance duration 𝑑௝
௚: 

 

𝑥௝
௚

= ቊ
𝑢′;   𝑖𝑓  𝑑௝

௚
> 0 𝑠𝑜 𝑡ℎ𝑎𝑡 𝑠௝

௚
≤ 𝑤 ≤ 𝑘௝

௚
− 𝑑௝

௚
+ 1

0;   𝑖𝑓  𝑑௝
௚

= 0
     (3.1) 

 

where 𝑢′ is an random generated integer number. 

 

If the maintenance duration of unit 𝑗 is greater than zero, a random integer 

number 𝑢′ is generated and the unit maintenance starting time 𝑥௝
௚ is found; 

otherwise, the implication is that the unit is not scheduled for maintenance at any 

time during the whole period of analysis. 

 

With this representation, the outage duration and continuity of maintenance 

period constraints are both automatically satisfied, reducing the number of 

effective constraints and the complexity of the GMS problem. 

 

b) Availability Variables 

 

The intermediate availability variables 𝑋௝,௧
௚  represent the maintenance status of 

generation unit j at any instant of time t and depend on the value of the 

maintenance variables, as shown in equation (3.2): 
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𝑋௝,௧
௚

= ቊ
0   ;   𝑖𝑓 𝑥௝

௚
≤ 𝑡 𝑎𝑛𝑑 𝑥௝

௚
+ 𝑑௝

௚
− 1 ≥ 𝑡

1  ;                                          𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                         (3.2) 

 

The availability variables are binary in nature and define the maintenance status 

of generators. If unit 𝑗’s availability variable is zero at any time 𝑡, then the unit 

is on maintenance at that time, while if it is one the unit is available for 

generation. The use of these variables eliminates the presence of binary variables 

directly involved in the evolutionary part of the model, reducing the problem’s 

complexity. 

 

c) Generation Variables 

 

The thermal generation variables 𝑃௝,௕,௧
௚  represent the power output of generation 

unit j to supply the demand during subperiod b at any time t. This variable is 

expressed as a real number whose value lays between zero and the maximum 

generation capacity and in accordance with the value of its corresponding 

availability variable. 

 

3.1.2 Problem Formulation 

 

After defining the variables of the multi-objective GMS problem, it is possible to 

translate the goals of the GENCOs and the ISO in the market in a mathematical 

form, formulating the objective functions and constraints involved to clearly show 

the conflicting relationship among these goals and the system’s requirements that 

need to be met. 

 

a) Objective Functions 

 

The three conflicting objective functions considered in the GMS problem are the 

following: 

 

System Adequacy: The ISO objective in a deregulated electricity market is to 

maximize the power system’s reliability. To introduce this aspect into the model, 
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an adequacy index 𝐹ଵ is used which is defined as the average value of the relation 

between the net and the gross reserves in the system as follows: 

 

𝐹ଵ = 𝑀𝑎𝑥
ଵ

்
∑ ቈ

∑ ௉ೕ
೒,೘ೌೣ

௑ೕ,೟
೒ಿ೒

ೕసభ ି௉೟
೏,೘ೌೣ

∑ ௉
ೕ
೒,೘ೌೣಿ೒

ೕసభ
ି௉೟

೏,೘ೌೣ ቉்
௧ୀଵ              (3.3) 

 

Where: 

𝑋௝,௧
௚   Thermal unit 𝑗 binary intermediate availability variable at time 𝑡. 

𝑁𝑔  Number of thermal generation units. 

𝑇  Duration of the period under analysis. 

 

The adequacy index depends only on the availability variables of generation units, 

which in turn define the reserve in the system. The net reserve is the difference 

between the available installed capacity and the maximum demand 𝑃௧
ௗ,௠௔௫, while 

the gross reserve corresponds to the difference between the system’s total 

installed capacity and the demand already mentioned [115]. 

 

System Total Operation Cost: The ISO aims to minimize the system total 

operation costs 𝐹ଶ, that are composed of fuel and maintenance costs incurred by 

GENCOs to operate their units to meet the demand: 

 

𝐹ଶ = 𝑀𝑖𝑛 ∑ ∑ ቄ∑ ቂ𝐶଴ ௝ + 𝐶ଵ௝൫𝑃௝,௕,௧
௚

൯ + 𝐶ଶ௝൫𝑃௝,௕,௧
௚

൯
ଶ

ቃ 𝑐௝
௙

𝑇௕,௧ + 𝐶௝,௧
௚

൫1 − 𝑋௝,௧
௚

൯ே௕
௕ୀଵ ቅ

ே௚
௝ୀଵ

்
௧ୀଵ  (3.4) 

 

Where: 

𝑃௝,௕,௧
௚  Power output of unit 𝑗 in sub-period 𝑏 at time 𝑡 (MW). 

𝑐௝
௙  Fuel price for unit 𝑗 (US$/MBtu). 

𝐶଴ ௝,𝐶ଵ௝, 𝐶ଶ௝  Generation cost curve coefficients of unit 𝑗. 

𝐶௝,௧
௚     Maintenance cost of unit 𝑗 at time 𝑡 (US$). 

𝑁𝑏 Number of sub-periods considered. 

𝑇௕,௧  Duration of sub-period 𝑏 in time 𝑡 (Hrs). 

 

The variable generation costs are the result of the product of the quadratic input-

output generation curves and their respective fuel price. What is more, these costs 



107 
 

depend on the duration of the sub-periods defined in every instant of time 

analyzed. On the other side, the fixed maintenance costs depend on the 

availability variables of generation units alone.  

 

GENCOs’ Profits: In a restructured electricity market, each GENCO tries to 

maximize its own profit 𝐹  by generating electricity with the thermal units they 

own in periods of high demand and prices. In that sense, these objective functions 

are represented as shown in equation (3.5): 

 

𝐹 = Max ∑ ∑ ቄ∑ ቂ𝜏௕,௧𝑃௝,௕,௧
௚

− ቀ𝐶଴ ௝ + 𝐶ଵ௝൫𝑃௝,௕,௧
௚

൯ + 𝐶ଶ௝൫𝑃௝,௕,௧
௚

൯
ଶ

ቁ 𝑐௝
௙

ቃ 𝑇௕,௧
ே௕
௕ୀଵ −

ே௚
௝ୀଵ

௝∈ఃಸ

்
௧ୀଵ

𝐶௝,௧
௚

൫1 − 𝑋௝,௧
௚

൯ቅ        (3.5) 

 

Where: 

𝜏௕,௧ Electricity price in subperiod 𝑏 at time 𝑡 (US$/MWh). 

𝛷ீ Set of generation units owned by GENCO 𝐺. 

 

This expression is formulated for each GENCO 𝐺 and depends on its units’ 

generation output and variable operation and fixed maintenance costs. In the 

same way, the GENCO’s profits depend on external factors like the duration of the 

sub-periods at every instant of time analysed, and the electricity prices fixed for 

this scenario. 

 

b) Constraints 

 

Once the objective functions have been defined, it is important to formulate the 

constraints that represent the systems’ requirements that need to be met when 

solving the GMS problem. These constraints are the following: 

 

Minimum Reserve: Inequation (3.6) ensures the net reserve of the system remains 

above a specified minimum reserve limit 𝑅௠௜௡ at any time t: 

 

∑ 𝑃௝
௚,௠௔௫

𝑋௝,௧
௚ே௧

௝ୀଵ − 𝑃௧
ௗ,௠௔௫ ≥ 𝑅௠௜௡ ; ∀𝑡          (3.6) 
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This constraint ensures that there is always enough generation spare capacity to 

meet the maximum demand 𝑃௧
ௗ,௠௔௫ at any time during the analysis. 

 

Minimum number of available units: Due to system reserve requirements or to 

GENCOs maintenance limited resources at any given time t, a limited number of 

units 𝑁௠௜௡ may need to be available for generation. This constraint is represented 

by inequation (3.7): 

 

     ∑ 𝑋௝,௧
௚ே௚

௝ୀଵ ≥ 𝑁௠௜௡          ;      ∀𝑡                   (3.7) 

 

Generators’ capacity limits: The power output 𝑃௝,௕,௧
௚  of thermal generators during 

subperiod 𝑏 at time t must be kept within certain capacity limits and in 

accordance with their corresponding availability status. Therefore, this constraint 

is formulated as follows: 

 

0 ≤ 𝑃௝,௕,௧
௚

≤ 𝑃௝
௚,௠௔௫

𝑋௝,௧
௚        ;    ∀𝑡 , ∀𝑏           (3.8) 

 

Since no minimum generation capacity is defined in the single-node system 

scenario, no unit commitment (UC) problem need to be considered. 

 

Power Balance: To ensure that the energy demand 𝑃௕,௧
ௗ  during subperiod 𝑏 at time 

t is met by the power output of the most efficient units available, the following 

constraint in (3.9) is formulated: 

 

∑ 𝑃௝,௕,௧
௚ே௧

௝ୀଵ = 𝑃௕,௧
ௗ                 ;    ∀𝑡 , ∀𝑏             (3.9) 

 

where 𝑃௕,௧
ௗ   is the electricity demand in subperiod 𝑏 at time 𝑡 (MW) 

 

Notice that in the formulation of the GMS problem, every time 𝑡 under analysis is 

divided into subperiods 𝑏 to model the daily demand variations more accurately. 

  

3.2 Multi-node thermal system scenario 
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This scenario presents thermal generation units connected to network with many 

transmission lines and transformers, through different nodes. Under this scenario, 

transmission congestion and losses are incorporated into the analysis to solve a 

generation and transmission maintenance scheduling (GTMS) problem in a 

competitive electricity market environment. 

 

3.2.1 Variable Representation 

 

The GTMS problem deals with mixed integer-real variables corresponding to the 

maintenance status of generators and transmission lines and the generation units’ 

output. To model it, the next variable representation techniques are used: 

 

a) Maintenance Variables 

The generation and transmission maintenance variables 𝑥௝
௚ and 𝑦௟ are defined 

considering the duration and starting time of the maintenance of unit j and 

transmission line l as follows: 

 

𝑥௝
௚

= ൝
𝑠௝

௚
+ 𝑟𝑜𝑢𝑛𝑑ൣ𝑢൫𝑘௝

௚
− 𝑑௝

௚
+ 1 − 𝑠௝

௚
൯൧; 𝑖𝑓 𝑑௝

௚
> 0

0                                                               ; 𝑖𝑓 𝑑௝
௚

= 0
  (3.10a) 

𝑦௟ = ൜
𝑠௟ + 𝑟𝑜𝑢𝑛𝑑[𝑢(𝑘௟ − 𝑑௟ + 1 − 𝑠௟)]      ; 𝑖𝑓 𝑑௟ > 0
0                                                                 ; 𝑖𝑓 𝑑௟ = 0

  (3.10b) 

 

Where: 

𝑥௝
௚ Starting time of maintenance of thermal unit 𝑗. 

𝑠௝
௚ Earliest start of maintenance of thermal unit 𝑗. 

𝑘௝
௚ Latest start of maintenance of thermal unit 𝑗. 

𝑑௝
௚ Duration of maintenance of thermal unit 𝑗. 

𝑦௟ Starting time of maintenance of line 𝑙. 

𝑠௟ Earliest start of maintenance of line 𝑙. 

𝑘௟ Latest start of maintenance of line 𝑙. 

𝑑௟ Duration of maintenance of line 𝑙. 

𝑢 Random Number between [0, 1]. 
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With this representation, again the outage duration and continuity of maintenance 

period constraints are both automatically satisfied, reducing the number of 

effective constraints and the complexity of the problem. 

 

b) Availability Variables 

 

The intermediate availability variables 𝑋௝,௧
௚  and 𝑌௟,௧ represents the maintenance 

status of thermal unit j and transmission line l at any time t respectively, and 

depend on the values of the maintenance variables defined earlier: 

    

𝑋௝,௧
௚

= ቊ
1  ;       𝑖𝑓 𝑠௝

௚
< 𝑥௝

௚
 𝑜𝑟 𝑥௝

௚
> 𝑘௝

௚

    0  ;    𝑖𝑓  𝑠௝
௚

≤ 𝑥௝
௚

≤ 𝑠௝
௚

+ 𝑑௝
௚

− 1
                         (3.11a) 

𝑌௟,௧ = ൜
1   ;       𝑖𝑓 𝑠௟ < 𝑦௟ 𝑜𝑟 𝑦௟ > 𝑘௟

   0   ;    𝑖𝑓  𝑠௟ ≤ 𝑦௟ ≤ 𝑠௟+𝑑௟ − 1
            (3.11b) 

 

As mentioned before, the availability variables are binary, and their values 

indicate if a unit or transmission line is unavailable due to maintenance or not at 

a certain time 𝑡.  They limit the generators output and lines transmission capacity 

in the system at any time t and eliminate the presence of binary variables directly 

involved in the model, reducing the complexity of the problem. 

 

c) Generation Variables 

 

The generation variables 𝑃௝,௕,௧
௚  represent the power output of generation unit j to 

supply the demand during subperiod b at any time t. This variable is expressed as 

a real number whose value lays between the minimum and the maximum 

generation capacity and in accordance with the value of its corresponding 

availability variable. 

 

3.2.2 Problem Formulation 

 

Now that the variables of the multi-objective GTMS problem have been defined, 

it is necessary to translate the goals of the GENCOs and the ISO in the market in 

mathematical terms. To do so, the objective functions and constraints involved 
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are formulated to clearly show the conflicting relationship among utilities’ goals 

and the system’s requirements and limits that must be met and respected. 

 

a) Objective Functions 

 

The conflicting objective functions considered in the model address the conflicting 

relationship between GENCOs and the ISO in a competitive electricity market and 

are the following: 

 

System Adequacy: As stated before, one of the ISO’s priorities in a deregulated 

electricity market is to maximize the system reliability. Again, an adequacy index 

is represented as the average value of the relation between the net and the gross 

reserve in the system as already shown in equation (3.3). 

 

System Total Operation Cost: A further priority of the ISO is to minimize the 

system total operation cost. It consists of fuel and maintenance costs incurred by 

GENCOs to operate their units, and TRANSCO’s maintenance cost to keep their 

transmission facilities operating. Thus, this objective is formulated in this scenario 

as follows:  

 

𝐹ଶ = ∑ ∑ ൛∑ ൣ𝑐௝,௕
௚

𝑃௝,௕,௧
௚

𝑇(𝑡, 𝑏) + 𝐶௝,௧
௚

൫1 − 𝑋௝,௧
௚

൯൧ + ∑ 𝐶௟,௧൫1 − 𝑌௟,௧൯ே௟
௟ୀଵ

ே௧
௝ୀଵ ൟே௕

௕ୀଵ
்
௧ୀଵ      (3.12) 

 

Where: 

𝐹ଶ System Total Operation Cost (US$) 

𝑃௝,௕,௧
௚   Generation of thermal unit 𝑗 during subperiod 𝑏 at time 𝑡 (MW) 

𝑌௟,௧  Binary intermediate variable stating the availability status of line 𝑙 at 𝑡 

𝑐௝,௕
௚     Marginal Generation Cost of unit 𝑗 (US$/MWh) 

𝐶௝,௧
௚      Maintenance Cost of unit 𝑗 at time 𝑡 (US$) 

𝐶௟,௧      Maintenance Cost of line 𝑙 at time 𝑡 (US$) 

𝑁𝑏  Number of subperiods considered 

𝑁𝑙  Number of transmission lines 

𝑇(𝑡, 𝑏) Duration of subperiod b at time t (hrs) 
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The marginal generation cost of each unit is determined applying marginal theory 

concepts to their corresponding quadratic cost function [21]. What is more, the 

duration of the sub-periods defined at every instant of time have a huge impact 

on the magnitude of the operation cost. Furthermore, the fixed generation and 

transmission maintenance costs depend on their respective availability variables.  

 

GENCOs’ Profits: As in the previous power system scenario, each GENCO tries to 

maximize its own profits 𝐹  by generating electricity, with the units it owns, when 

electricity prices are attractive. In that sense, these objective functions are 

formulated again as shown in equation (3.5). 

 

This expression is formulated for each GENCO 𝐺 and depends on generators’ power 

outputs, operation and maintenance costs, and the nodal electricity prices. These 

prices are determined using dual-multiplier obtained when solving the economic 

dispatch (ED) problem, considering a pool-based electricity market, transmission 

congestion, and losses effects [45]: 

 

[𝜏]௕,௧ = [𝜋]௕,௧[𝑁𝐹]௕,௧ + [𝜇]௕,௧
் [𝛽]௧                        (3.13) 

 

Where: 

[𝜏]௕,௧  Vector of Nodal Energy Prices during subperiod 𝑏 at time 𝑡 (US$/MWh). 

[𝜋]௕,௧  Vector of System Marginal Cost during subperiod 𝑏 at time 𝑡 (US$/MWh). 

[𝑁𝐹]௕,௧  Vector of Nodal Penalty Factors during subperiod 𝑏 at time 𝑡 (US$/MWh). 

[𝜇]௕,௧  Vector of transmission lines congestion cost during subperiod 𝑏 at time 𝑡 

(US$/MWh). 

[𝛽]௧ Sensibility Matrix at time 𝑡. 

 

The penalty loss factor in the first term of expression (3.13) reflects the marginal 

increase of power losses in all the system due to an increase in the demand in 

node 𝑛. It is determined in terms of the following equation [44]: 

 

𝑁𝐹௡,௕,௧ = 1 +
డ௉೗೚ೞೞ

డ௉ௗ೙
= 1 + 2 ∑ 𝑟௟𝑓௟,௧,௕

ே௟
௟ୀଵ 𝛽௡௟    ;    ∀𝑏, ∀𝑡 (3.14) 

Where: 

𝑁𝐹௡,௕,௧ Node 𝑛 penaly factor in subperiod 𝑏 at time 𝑡. 
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𝑟௟  Resistance of transmission line 𝑙 (pu). 

𝑓௟,௧,௕   Line 𝑙 real power flow in subperiod 𝑏 at time 𝑡 (MW). 

 𝛽௡௟ Sensibility Matrix row corresponding to node 𝑛. 

 

With nodal prices defined in this way, Distribution Companies (DISCOs) payments 

and GENCOs revenues are determined, and the market is settled. Since 

transmission is a natural monopoly, a unique TRANSCO is considered, and its 

revenues are calculated too. 

 

b) Constraints 

 

The constraints considered, related to the objective functions of the GTMS 

problem, involve the electricity facilities capacities, the system generation 

reserve, and the electricity demand balance at any instant of time. These 

constraints are formulated as follows: 

 

Minimum Reserve: Again, using equation (3.6) ensures the net reserve of the 

system remains above a specified minimum reserve limit 𝑅௠௜௡ at any time 𝑡. It 

guarantees that enough generation capacity is available to meet the demand. 

 

Minimum number of available units:  In the same way, at any given time 𝑡 certain 

number of units 𝑁௠௜௡ must be available for generation. This situation is addressed 

by using the constraint already formulated in expression (3.7). 

 

Generators’ capacity limits: The power output of generators must be kept within 

its minimum and maximum capacity limits and in accordance with their 

corresponding availability status. Thus, this constraint is formulated for the 

present system scenario as follows: 

 

𝑃௝
௚,௠௜௡

𝑋௝,௧
௚

≤ 𝑃௝,௕,௧
௚

≤ 𝑃௝
௚,௠௔௫

𝑋௝,௧
௚          ;    ∀𝑡 , ∀𝑏           (3.15) 

 

Since 𝑃௝
௚,௠௜௡ is the minimum capacity of unit 𝑗 (MW), then a UC problem needs to 

be solved to determine the optimal power output of each generation unit. 

 



114 
 

Transmission lines’ capacity limits: The capacity of transmission lines and 

transformers must be kept within certain capacity limits and in accordance with 

their corresponding availability status. These constraints are expressed follows: 

 

𝑓௟
௠௜௡𝑌௟,௧ ≤ 𝑓௟,௕,௧ ≤ 𝑓௟

௠௔௫𝑌௟,௧       ;    ∀𝑡 , ∀𝑏          (3.16) 

where 𝑓௟,௧,௕ is the power flow in transmission line 𝑙 in sub-period 𝑏 at time 𝑡 (MW) 

 

The power flow calculation needs to be performed while solving the ED problem 

and using a DC-power flow technique to avoid any nodal voltage level and reactive 

power flows considerations. 

 

Power Balance: To ensure that the electricity demand 𝑃௡,௕,௧
ௗ  and the respective 

power losses 𝑓௟,௕,௧
௟௢௦௦ during subperiod 𝑏 at time t is met by the power output of the 

most efficient units available, the following constraint is formulated: 

 

∑ 𝑃௝,௕,௧
௚ே௚

௝ୀଵ = ∑ 𝑃௡,௕,௧
ௗே

௡ୀଵ + ∑ 𝑓௟,௕,௧
௟௢௦௦ே௟

௟ୀଵ        ; ∀𝑡, ∀𝑏   (3.17) 

 

Where: 

𝑓௟,௕,௧
௟௢௦௦  Line 𝑙 losses in subperiod 𝑏 at time 𝑡 (MW) 

𝑃௡,௕,௧
ௗ    System electricity demand at time 𝑡 for high block demand (MW) 

𝑁  Total number of nodes in the system 

 

Power losses in each transmission line depend on the resistance and the power 

flow in the line, as shown in equation (3.18) [27]: 

 

𝑓௟,௕,௧
௟௢௦௦ = 𝑟௟𝑓௟,௕,௧

ଶ          ;  ∀𝑡, ∀𝑏             (3.18) 

 

The quadratic relationship between losses and power flows makes it difficult for 

transmission losses to be added directly to the GTMS formulation. Thus, for the 

present scenario, transmission losses in a line are found after a first DC flow is 

performed. Ther are then halved and added as additional loads to the nodes that 

the line connects, so that new ED and DC flow can be solved later to obtain final 

results [27]. 
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3.3 Multi-node wind-hydro-thermal system scenario 
 

This scenario presents thermal generators and hydroelectrical units, with water 

reservoir capacity, connected to a network of transmission facilities through 

different nodes. Pumped storage or run-of-river hydro units are neglected. In this 

system scenario, the GTMS problem is formulated in an electricity market 

environment considering transmission congestion and loses effect, and embedded 

wind generation. The variable representation techniques used, and the objective 

functions and constraints considered for this scenario are described next. 

 

3.3.1 Variable Representation 

 

The wind-hydro-thermal GTMS problem deals with mixed integer-real and 

stochastic variables that correspond to the maintenance statuses of electricity 

facilities and the generation output of hydro, thermal, and wind generation. The 

following variable representation techniques are used to describe them: 

 

a) Maintenance Variables 

 

In the same way that happened for thermal generators and transmission facilities 

in equations (3.10a) and (3.10b), maintenance variables are defined for 

hydroelectrical units considering the allowed earliest 𝑠௜
௛ and latest 𝑘௜

௛ 

maintenance starting times and their duration 𝑑௜
௛, as shown next: 

 

𝑥௜
௛ = ቊ

𝑠௜
௛ + 𝑟𝑜𝑢𝑛𝑑ൣ𝑢൫𝑘௜

௛ − 𝑑௜
௛ + 1 − 𝑠௜

௛൯൧; 𝑖𝑓 𝑑௜
௛ > 0

0                                                               ; 𝑖𝑓 𝑑௜
௛ = 0

   (3.10c) 

Where: 

𝑥௜
௛ Starting time of maintenance of hydroelectrical unit 𝑖 

𝑠௜
௛ Earliest start of maintenance of hydroelectrical unit 𝑖 

𝑘௜
௛ Latest start of maintenance of hydroelectrical unit 𝑖 

𝑑௜
௛  Duration of maintenance of hydroelectrical unit 𝑖 
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This representation guarantees that constraints related to outage duration and 

continuity of maintenance period are both automatically satisfied, reducing the 

number of constraints and the complexity of the problem. 

 

b) Availability Variables 

 

To the already described intermediate availability variables 𝑋௝,௧
௚  and 𝑌௟,௧ in section 

3.2.1, the availability variable 𝑋௜,௧
௛  is added to the problem which represents the 

maintenance status of hydroelectrical unit 𝑖 at any time 𝑡. Similarly with equations 

(3.11 a and b), equation (3.11c) show how this variable depends on the unit’s 

maintenance parameters:  

 

𝑋௜,௧
௛ = ቊ

1  ;       𝑖𝑓 𝑠௜
௛ < 𝑥௜

௛ 𝑜𝑟 𝑥௜
௛ > 𝑘௜

௛

    0  ;    𝑖𝑓  𝑠௜
௛ ≤ 𝑥௜

௛ ≤ 𝑠௜
௛ + 𝑑௜

௛ − 1
                         (3.11c) 

 

These new binary availability variables define when hydro units are on 

maintenance and limit the hydroelectrical generators’ power outputs, eliminating 

the presence of binary variables directly involved in the evolutionary part of the 

model, reducing its complexity. 

 

c) Generation Variables 

 

The generation variables 𝑃௝,௕,௧
௚ and 𝑃௜,௕,௧

௛  are expressed as real numbers that 

represent the power output of thermal and hydro generators, respectively. Their 

values lay between minimum and maximum capacities and in depend on the values 

of their corresponding availability variables. 

 

d) Stochastic Variables 

 

Water inflows to reservoirs and wind speeds variables have a strong stochastic 

component that affects the GTMS problem. The uncertainty these variables hold 

has a huge impact on the results of the problem and on the decision-maker’s ruling 

on the best solution. Is important to take this uncertainty into account to 
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determine electricity facilities MS that consider possible water inflows or wind 

speeds insufficiencies during the period of analysis.  

 

In that sense, Monte Carlo analysis is used to determine the expected water inflow 

scenarios during the period under analysis, adjusting the historical water inflow 

data to a logarithmic-normal distribution and sampling it to determine the 

expected water inflows to reservoirs [129] [3]. Since one of the aims of the 

research is to use classical and metaheuristic techniques to determine electricity 

facilities MS, by solving the water inflow forecast problem separately, time is 

saved, use of extra computational resources is avoided, and an expected system 

operation cost can be determined for each MS found. 

 

In terms of wind generation, the wind energy potential is estimated adopting the 

approach from [130] by first sorting the historical wind speeds data and adjusting 

them to a Weibull distribution using least squares method. In this way, the Weibull 

distribution probability function parameters are found. Then the probabilities of 

different values of wind velocity are determined. Next, a probability distribution 

function is built and sampled using Monte-Carlo analysis to determine the 

expected wind velocity. Finally, these results are used to determine the expected 

energy output from a wind farm, which is subtracted from the energy demand of 

the system. In this way, the wind energy estimation problem is tackled separately 

from the main problem and used as input to adjust the demand of the system. 

 

3.3.2 Problem Formulation 

 

Since the variables of the multi-objective GTMS problem have been already 

described, it is possible to translate the goals of several GENCOs, who own 

different thermal or hydroelectrical units, and the ISO in the electricity market in 

mathematical terms. The formulation must clearly show the conflicting 

relationship among these goals and the system’s requirements that must be met. 

 

a) Objective Functions 
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The three conflicting goals or objective functions considered in the wind-hydro-

thermal GTMS model are the following: 

 

System Adequacy: It is imperative for the ISO to keep the system reliability of 

the system during operation. This aspect is introduced into the model using an 

adequacy index 𝐹ଵ or average relation between the system net and gross reserve: 

 

𝐹ଵ =
ଵ

்
∑ ቈ

∑ ௉ೕ
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೙సభ

቉்
௧ୀଵ           (3.19) 

Where: 

𝑋௜,௧
௛   Hydro unit 𝑖 binary intermediate availability variable at time 𝑡 

𝑁ℎ  Number of hydroelectrical generation units 

 

The adequacy index depends only on the availability variables of hydroelectrical 

and thermal generation units, which in turn define the reserve in the system. As 

stated before, the net reserve is the difference between the available installed 

capacity and the maximum demand, while the gross reserve represents the 

difference between the total installed capacity and the demand mentioned [115]. 

 

System Total Operation Cost: An additional objective of the ISO is to minimize 

the system total operation costs 𝐹ଶ, composed of fuel and maintenance costs 

incurred by electricity utilities to operate their facilities, and the spilled water 

opportunity cost (3.20):  

 

𝐹ଶ = ∑ ቄ∑ ቂ∑ ቀ𝑐௝,௕
௚

𝑃௝,௕,௧
௚

𝑇௕,௧ + 𝐶௝,௧
௚

൫1 − 𝑋௝,௧
௚

൯ቁே௧
௝ୀଵ ቃே௕

௕ୀଵ + ∑ ቀ𝐶௜,௧
௛ ൫1 − 𝑋௜,௧

௛ ൯ቁே௛
௜ୀଵ +்

௧ୀଵ

∑ 𝐶௟,௧൫1 − 𝑌௟,௧൯ே௟
௟ୀଵ + ∑ 𝑐௘,௧

௦ 𝑠௘,௧
ே௘
௘ୀଵ ቅ       (3.20) 

 

Where: 

𝐶௜,௧
௛  Maintenance cost of hydroelectrical unit 𝑖 at time 𝑡 (US$) 

𝑐௘,௧
௦    Water Spilled cost in reservoir 𝑒 at time 𝑡 (US$/Hm3) 

𝑠௘,௧ Water spilled from reservoir 𝑒 at time 𝑡 (US$) 

𝑁𝑒 Number of reservoirs in the system 
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GENCOs’ Profits: In a market environment, every GENCO tries to maximize its 

profits 𝐹  by producing electricity, with the hydro or thermal units it owns, and 

taking advantage of electricity prices in the market. Therefore, these objective 

functions are represented as follows: 

 𝐹 = ∑

⎩
⎨

⎧
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⎢
⎢
⎡

⎝
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         (3.21) 

Where: 

𝑃௜,௕,௧
௛  Generation of hydro unit 𝑖 during subperiod 𝑏 at time 𝑡 (MW) 

𝑉𝐶௝,௕,௧
௚  Thermal unit 𝑗 variable cost at subperiod 𝑏 (US$/MWh) 

𝐹𝐶௝,௧
௚   Fixed cost of thermal unit 𝑗at time 𝑡 (US$) 

𝐹𝐶௜,௧
௛   Fixed cost of hydro unit 𝑖 at time 𝑡 (US$) 

𝜏௡,௕,௧ Node 𝑛 energy price on subperiod 𝑏 at time 𝑡 (US$/MWh) 

𝛷ீ   Set of generation units owned by GENCO 𝐺 

𝛷௡   Set of generation units connected to node 𝑛 

 

This expression is formulated for each GENCO 𝐺 and depends on the units’ 

generation outputs, their maintenance costs, and the nodal electricity prices. 

These prices are determined using dual multipliers obtained by solving the ED 

problem, as described in equations (3.13) and (3.14). 

 

With nodal prices defined, DISCOs’ payments and GENCO’s revenues are found 

and, under this system scenario, a locational-price based electricity market is 

settled. Since transmission is a natural monopoly, again a unique TRANSCO is 

considered, and its revenues are calculated as well. 

 

b) Constraints 

 

The constraints considered in this system scenario involve the electricity facilities’ 

capacities, the system’s reserve, the expected wind energy generation, and the 

supply of the demand at any time. These constraints are formulated as follows: 
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Minimum Reserve: It is important to consider the contribution of hydroelectric 

capacity to ensure that the net reserve of the system remains above a specified 

minimum limit 𝑅௠௜௡at any time 𝑡: 

 

∑ 𝑃௝
௚,௠௔௫

𝑋௝,௧
௚ே௚

௝ୀଵ + ∑ 𝑃௜
௛,௠௔௫𝑋௜,௧

௛ே௛
௜ୀଵ − ∑ 𝑃௡,௧

ௗ,௠௔௫ே
௡ୀଵ ≥ 𝑅௠௜௡   ; ∀𝑡    (3.22) 

 

This constraint ensures that there is always enough hydro-thermal spare capacity 

to meet the maximum demand at any time during the analysis. 

Minimum number of available units: Due to reserve requirements and GENCOs 

limited maintenance resources, a minimum number of thermal and hydro units 

𝑁௠௜௡ must be available during the period of analysis as shown in expression (3.23): 

 

∑ 𝑋௝,௧
௚ே௧

௝ୀଵ + ∑ 𝑋௜,௧
௛ே௛

௜ୀଵ ≥ 𝑁௠௜௡                         ;    ∀𝑡      (3.23) 

 

Generators’ capacity limits: The power outputs 𝑃௜,௕,௧
௛  and 𝑃௝,௕,௧

௚  of hydro and 

thermal generators respectively, must be kept within capacity limits and in 

accordance with their corresponding availability status. Thus, the respective 

constraints are formulated as follows: 

 

𝑃௝
௚,௠௜௡

. 𝑋௝,௧
௚

≤ 𝑃௝,௧,௕
௚

≤ 𝑃௝
௚,௠௔௫

. 𝑋௝,௧
௚

(1 − 𝑆𝑅௕,௧)   ;∀𝑡 , ∀𝑏    (3.24a) 

𝑃௜
௛,௠௜௡. 𝑋௜,௧

௛ ≤ 𝑃௜,௧,௕
௛ ≤ 𝑃௜

௛,௠௔௫. 𝑋௜,௧
௛ (1 − 𝑆𝑅௕,௧)   ;∀𝑡 , ∀𝑏     (3.24b) 

 

Under the present system scenario, the generators’ maximum capacity limit is 

reduced by the application of factor 𝑆𝑅௕,௧, that corresponds to the percentage of 

spinning reserve during subperiod 𝑏 and time 𝑡. 

 

Transmission lines’ capacity limits: Power flows in lines must be kept below 

maximum capacity limits at any time in accordance with their corresponding 

availability status as already described in expression (3.16): 

 

Under this scenario, power flows are calculated solving the ED problem and a 

dynamic piecewise DC lossy-load flow after losses have been linearized [133]. 
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Reactive power flows and nodal voltages have not received any consideration to 

simplify the calculations. 

 

Power Balance: To ensure that the electricity demand and the respective power 

losses during subperiod 𝑏 at time 𝑡 are met by the power outputs of the hydro and 

thermal units available, the power balance constraint in (3.25) is used: 

 

∑ 𝑃௝,௧,௕
௚ே௧

௝ୀଵ + ∑ 𝑃௜,௧,௕
௛ே௛

௜ୀଵ = ∑ ൣ𝑃௡,௕,௧
ௗ − 𝐸൛𝑃௡,௕,௧

௥ ൟ൧ே
௡ୀଵ + ∑ 𝑓௟,௕,௧

௟௢௦௦ே௟
௟ୀଵ  ; ∀𝑡, ∀𝑏  (3.25) 

where 𝐸൛𝑃௡,௕,௧
௥ ൟ is the expected wind generation in node 𝑛 during subperiod 𝑏 at 

time 𝑡 (MW). 

  

Energy demand is adjusted in accordance with the expected embedded wind 

energy generated. Power losses 𝑓௟,௕,௧
௟௢௦௦ in each line at any time, found using (3.18), 

are halved and each half is added up as extra load to the nodes their lines connect 

[27]. A dynamic piecewise DC lossy-load flow is applied to add linearized cuts to 

the optimization problem until losses converge to a single value [133]. 

 

Water Balance: The water balance on the reservoirs is ensured by adding the 

following constraint for every reservoir present in the GTMS problem: 

 

𝑣௘,௧ + ∑ ቈ∑ 𝑢௜,௕,௧
ே௛
௜ୀଵ

௜∈ః೐

− ∑ 𝑢௜,௕,௧
ே௛
௜ୀଵ

௜∈௵೐

቉ே௕
௕ୀଵ + 𝑠௘,௧ − ∑ 𝑠௘,௧

ே௘
௘ୀଵ
௜∈అ೐

= 𝑣௘,௧
௢ + 𝐸൛𝑎௘,௧ൟ ; ∀𝑒, ∀𝑡 (3.26) 

 

Where: 

𝑣௘,௧  Final volume of reservoir 𝑒 at time 𝑡 (Hm3) 

𝑣௘,௧
௢   Initial volume of reservoir 𝑒 at time 𝑡 (Hm3) 

𝐸൛𝑎௘,௧ൟ Expected water inflow in reservoir 𝑒 at time 𝑡 (Hm3) 

𝑢௜,௕,௧ Hydro unit 𝑖 water discharge in subperiod 𝑏 at time 𝑡 (Hm3) 

𝛷௘ Set of hydro units connected to reservoir 𝑒 (Hm3) 

𝛩௘ Set of hydro units upstream to reservoir 𝑒 (Hm3)  

𝛹௘ Set of reservoirs upstream to reservoir 𝑒 (Hm3) 

 

The relation between the water discharge and the power output of a hydro 

generation unit is assumed to be linear: 
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𝑃௜,௕,௧
௛ = 𝜌௜𝑢௜,௕,௧   ;  ∀𝑖, ∀𝑏, ∀𝑡        (3.27) 

 

where 𝜌௜ is the productivity factor of hydro unit 𝑖 (MW/Hm3) 

 

Constraints related to the water discharge, reservoir and water spilled limits are 

also added to the problem: 

 

𝑣௘
௠௜௡ ≤ 𝑣௘,௧ ≤ 𝑣௘

௠௔௫  ; ∀𝑡      (3.28a)  ;       0 ≤ 𝑠௘,௧  ; ∀𝑡    (3.28b) 

 𝑢௜
௠௜௡. 𝑋௜,௧

௛ ≤ 𝑢௜,௕,௧ ≤ 𝑢௜
௠௔௫. 𝑋௜,௧

௛ (1 − 𝑆𝑅௕,௧) ;               ∀𝑡  , ∀𝑏    (3.28c)  
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CHAPTER 4 

 

SOLUTION METHODOLOGY 

 

The mixed-integer and no-convex characteristics of the generation and 

transmission maintenance schedule (GTMS) optimization problem, as well as its 

objective functions and constraints, demand the development of new solution 

methodologies. These new approaches must handle the characteristics of the 

variables involved in the problem, exploit the features of classical and multi-

objective evolutionary algorithms (MOEA) optimization tools, and consider present 

electricity industry practices, to offer an alternative way to tackle the 

maintenance schedules (MS) and determine a set of feasible solutions. 

 

In that sense, this chapter describes the proposed models’ methodologies for 

solving the maintenance scheduling problem on the three power system scenarios 

described in the last chapter. The general principle that lies within the models 

proposed is to take advantage in a novel way of classical and MOEA optimization 

techniques to develop a singular approach to solve the multi-objective GTMS 

problem, considering the conflicting relationship among the goals of the utilities 

in the market, the effect of the MS on electricity prices, the stochastic nature of 

wind generation and the standards used by the electricity industry today.  

 

4.1 Single node thermal system scenario 
 

In this scenario, a hybrid NSGA II/Lambda Iteration Method (LIM) model is proposed 

to find non-dominated maintenance schedule (MS) solutions for the generation 

maintenance scheduling (GMS) problem. It involves an iterative algorithm that 

combines in a novel way NSGA II and LIM features. It allows sequentially tackling 

the problem, simulating the rational behaviour of GENCOs and the ISO in the 

market. The model’s methodology is described next.  

 

First, an initial population of 𝑁𝑝 individuals or maintenance schedule scenarios is 

generated randomly. The codification of individuals (chromosomes) is done so that 
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the decision variables (gens) correspond to the starting time of maintenance  

𝑥௝
௚ of each generation unit 𝑗 as shown in Figure 4.1 and stated in equation (3.1). 

The length of an individual is equal to the number of generators under analysis.  

 

 

Figure 4.1. Codification of individuals in the Hybrid NSGA II/Lambda Iteration 

Method (LIM) model 

 

Second, a fitness value corresponding to each objective function in the problem 

is calculated so that the performance of every individual is evaluated. To do this, 

the intermediate availability variables 𝑋௝,௧
௚  are determined using equation (3.2), so 

that every individual is evaluated in terms of the system adequacy index 𝐹ଵ 

objective function. At the same time, with the availability variables and the 

demand of electricity at a given time, the LIM is used to determine the optimal 

generators’ outputs 𝑃௝,௕,௧
௚  that minimize the system generation cost, an aspect of 

importance for the ISO. To do so, each unit’s cost function is considered. Since 

the generation cost optimization problem implies dealing with the linear equality 

constraint shown in equation (3.9), marginal theory is used to calculate the 

marginal generation cost of each unit [21]. These costs and the demand of 

electricity 𝑃௕,௧
ௗ  are introduced to the LIM to determine each unit’s generation 

output. These generation outputs are in turn used to evaluate the fitness of 

individuals in terms of total system operation cost 𝐹ଶ. Since the electricity prices 

in this scenario are given, this information and the generators’ outputs are used 

to evaluate the GENCO’s profit 𝐹 .  

 

While evaluating the fitness values corresponding to the objective functions, 

feasible and infeasible individuals are identified. Infeasible individuals are tackled 
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with the Self-Adaptive Constraint Handling (SACH) technique [77]. The flexible 

penalty function developed in the SACH provides different penalty values favoring 

feasible and infeasible individuals with good objective function and small 

constraint violation values, respectively, while penalizing infeasible individuals 

with unfavorable objective function values. In this way, SACH deals with infeasible 

individuals by pushing them after each iteration more and more towards the 

search space of feasible solutions. 

 

Next, individuals in the population are sorted based on their objective functions’ 

fitness using the non-domination criteria for feasible and infeasible individuals 

and the concepts stated in [49] and [48]. A fast non-dominated algorithm is used, 

so that every individual is assigned a rank that is equal to its non-dominated front, 

starting with front 1 as the best one, front 2 as the second-best, and so on. Then, 

the individuals inside the same front are ranked again using the crowding distance 

(CD) diversity mechanism [60]. The best individual inside a front has the highest 

CD value, the next best has the next highest CD value, and so on. 

 

Then, individuals inside the sorted population are selected randomly according to 

their rank as parents using the binary tournament selection mechanism described 

in Chapter 2 and in [60]. Genetic operators are applied to the selected individuals 

to generate children individuals in a new population. The operators used are the 

Simulated Binary Crossover (SBX) [92] and Polynomial Mutation operators [132], 

both adapted to deal with integer variables.  

 

Thereafter, the new and old populations are combined into a single population of 

size 2𝑁𝑝. This combined population is again evaluated and sorted using non-

dominated and crowding distance criteria already mentioned in Chapter 2 and in 

[60]. Since parent and children individuals are combined in a single set, elitism is 

ensured in the model. 

 

Finally, the first 𝑁𝑝 top individuals in the sorted combined population are chosen 

to form a new population of parent individuals and TOPSIS is used as the decision-

making tool to find the best individual inside this population [103]. The process 

repeats until a stopping criterion, based on the maximum number of iterations, is 

met. The flowchart of the model proposed is shown in Figure 4.2. 
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Figure 4.2 Hybrid NSGA II/LIM model flowchart to solve the GMS problem in a 

single node system. 

 

4.2 Multi-node thermal system scenario 
 

The GTMS scheduling problem in this scenario is solved by combining in a novel 

way NSGA III and the Dual Simplex (DS) approaches to develop a hybrid NSGA III/DS 

model that works in a system with only thermal units. The model’s methodology 

involves an iterative algorithm that allows tackling this multi-objective problem 

in a sequential manner, simulating the rational behavior of GENCOs and of the ISO 

in a single marginal cost pool-based electricity market, to obtain a set of non-

dominated MS solutions, from which the best can be chosen. The proposed model 

works as follows. 
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First, an initial population of 𝑁𝑝 individuals or MS scenarios is created randomly. 

The codification of individuals is done by generating random numbers 𝑢 between 

0 and 1 to determine the maintenance starting time variables 𝑥௝
௚ and 𝑦௟, 

corresponding to generators and transmission lines respectively, by using 

equations (3.10a-b) as depicted in Figure 4.3. The length of an individual is equal 

to the number of generators and transmission lines in the analysis.  

 

 

Figure 4.3 Codification of individuals in the hybrid NSGA III/Dual-Simplex (DS) 

model 

 

Second, the reference points needed by the NSGA III to achieve diversity in the 

obtained solutions are generated according to [67] as described in Chapter 2. 

Since there is no information about the possible shape of the solution front, 

reference points are generated uniformly distributed across the search space.  

 

Then, a fitness value corresponding to each objective function in the problem is 

found to evaluate the performance of every individual. To do so, generators and 

transmission lines intermediate availability variables 𝑋௝,௧
௚  and 𝑌௟,௧ are determined 

using equations (3.11a-b), so that every individual is examined in terms of the 

system adequacy index objective function 𝐹ଵ. On the other hand, generators 

input-output curves and marginal theory are used to determine generation 

marginal costs, which will be used to bid in the market [21]. With these costs, the 
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demand of electricity, the availability variables, and the network characteristics, 

a unit commitment (UC) problem is solved. The results obtained and the DS 

method are used to solve a single economic dispatch (ED) to find generators’  

outputs 𝑃௝,௕,௧
௚  and the system operation cost 𝐹ଶ. Bear in mind that the operation 

cost minimization goal is related to the constraint shown in equation (3.17) and is 

an aspect of importance for the ISO. To calculate transmission losses 𝑓௟,௕,௧
௟௢௦௦, a lossy 

direct current (DC) load-flow is used where each line power loss found is halved, 

and each half is added up as extra load to the ends of each line [133] [27]. 

 

Next, power flows 𝑓௟,௕,௧, transmission losses penalty factors, congestion surpluses 

and nodal electricity prices 𝜏௡,௕,௧ are determined using DS’ dual multipliers. With 

this information, DISCOs’ payments and GENCOs’ and TRANSCOs’ revenues are 

calculated and the economic transactions in the market are settled. These results 

in turn are used to find GENCO’s profit objective function 𝐹 . Notice that 

generation outputs 𝑃௝,௕,௧
௚  and power flows depend on the values of generators and 

transmission lines availability variables. 

 

While evaluating the fitness values related to the objective functions, feasible and 

infeasible individuals are identified using the Adaptive Trade-off Model (ATM) 

constraint handling technique [78]. ATM tackles the evaluation of solutions when 

the population is full and partially composed of infeasible individuals by privileging 

infeasible individuals with less constraint violations and by defining a feasibility 

proportion that has a direct impact on the fitness function calculation. In that 

way, the technique drives infeasible individuals slowly towards a feasible search 

space after each iteration. Then, a normalization process takes place by 

identifying the hyperplane’s extreme points in each objective function axis using 

an adaptive achievement scalarization function (ASF) adjusted to handle 

solution’s constraint violations values [81] [82] [84] as described in Chapter 2. 

  

Later, individuals in the population are sorted based on their objective functions’ 

fitness using the non-domination criteria for feasible and infeasible individuals 

and the concepts stated in [49] and [48]. A fast non-dominated algorithm is 

applied, so every individual is assigned a rank that is equal to its non-dominated 

front, starting with front 1 as the best one, front 2 as the second best and so on.  
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After that, individuals inside the sorted population are selected randomly 

according to their rank as parents using a binary tournament selection mechanism 

[60]. Genetic operators are applied to the selected individuals to generate 

children individuals in a new population. The operators used are the Self Adaptive 

Simulated Binary Crossover (SBX) and Polynomial Mutation operators [92] [132]. 

In the former operator, a self-adaptive mechanism [94] complements SBX to 

achieve an “explore first and exploit later” capability during the evolutionary 

process of solutions, to dynamically adjust the distribution index 𝜂௖ through a 

diversity running performance metric defined in [95] and [96]. With respect to 

the later operator, the self-adaptive property described in [101] and [102] is 

introduced in the mutation operator to allow the update of the values of the 

probability of mutation 𝑝௠ and the distribution index 𝜂௠ as the iteration progress. 

 

Thereafter, the parent and child populations are combined into a single population 

of size 2𝑁𝑝. This combined population is again evaluated and sorted using non-

dominated concepts already mentioned in [61]. Since parent and children 

individuals are combined in a single set, elitism is ensured in the model. From 

this, a new population is constructed by selecting individuals of different non-

dominated fronts (one at a time), starting from the first front until the size of the 

new population is equal or for the first time becomes larger than 𝑁𝑝. 

 

Subsequently, the association operator is applied by defining a reference line to 

each reference point in the normalized hyperplane by joining the reference point 

with the origin [61]. Perpendicular distances from every individual to each 

reference line are calculated and the reference point whose reference line is 

closest to an individual is considered associated with that individual. In the same 

manner, the niching preservation operator is used. It highlights iteratively 

solutions nearest to the reference line of each reference point, by updating a 

niche count repeatedly until all vacant population slots of the new population are 

filled and its size reaches a value of 𝑁𝑝 [62]. 

 

Finally, TOPSIS is used to assist the decision-maker (ISO) to identify the best 

individual inside the population [103]. The process repeats until a stopping 
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criterion, based on the maximum number of iterations, is met. The flow chart of 

the model is shown in Figure 4.4. 

 

 

Figure 4.4 Hybrid NSGA III/Dual Simplex model flowchart to solve the GTMS 

problem considering network losses and congestion. 

 

4.3 Multi-node wind-hydro-thermal system scenario 
 

In this scenario, a hybrid NSGA III/Dual Dynamic model is proposed to solve the 

wind-hydro-thermal GTMS problem, combining in a novel way NSGA III and the 

Dual Dynamic Programming (DD) features. The model’s methodology involves an 

iterative algorithm that allows tackling this multi-objective problem in a 
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sequential manner considering the characteristics of the variables involved, 

transmission facilities’ constraint and losses, stochastic nature of renewable 

generation, and simulating the rational behavior of GENCOs and of the ISO in a 

locational price-based electricity market. The results expected correspond to a 

set of non-dominated MS solutions, which have a direct impact on the electricity 

prices in the market, that can be used by the ISO to identify the best. The model 

has a resemblance with the NSGA III/Dual Simplex model discussed before but is 

different in the following parts.  

 

An initial population of 𝑁𝑝 individuals or MS scenarios is generated randomly. 

Individual’s codification is done so that decision variables correspond to random 

numbers 𝑢 between 0 and 1 as shown in Figure 4.5. With these numbers, the 

starting time of maintenance 𝑥௝
௚, 𝑥௜

௛ and 𝑦௟  variables, corresponding to thermal and 

hydro generators and transmission facilities respectively, are determined using 

equations (3.10a-c). The length of every individual is equal to the number of 

generators and transmission lines analyzed.  

 

 

Figure 4.5 Codification of individuals in the hybrid NSGA III/Dual-Dynamic (DD) 

model. 

 

A fitness value corresponding to each objective function in the problem is found 

so that the performance of every individual is evaluated. To do so, the reservoirs’ 

water cost-to-go function is determined for a period greater than the GTMS time 

span using dynamic dual programming and considering no MS at all. The water 
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inflows and wind velocity forecasts are generated using Monte Carlo analysis and 

adjusting historical data to Logarithmic-Normal and Weibull distributions 

respectively [42] [134]. The intermediate availability variables 𝑋௝,௧
௚ , 𝑋௜,௧

௛  and 𝑌௟,௧, 

corresponding to thermal and hydro units and transmission lines respectively, are 

determined using equations (3.11a-c) so that every individual is examined in terms 

of the system adequacy index objective function. On the other hand, linearly 

adjusted thermal generators heat rates for different power outputs, fuel prices, 

and marginal theory are used to determine generation costs (bidding prices) of 

each unit in the market [21]. With these costs, the reservoir’s water cost-to-go 

function, the contribution of renewable energy, the demand of electricity, the 

availability variables, and the network characteristics, a UC problem is solved. 

The results are used as inputs to tackle an ED problem using the DD method to 

determine the thermal, and hydro generators power outputs 𝑃௝,௕,௧
௚  and 𝑃௜,௕,௧

௛ , the 

water turbinated 𝑢௜,௕,௧ by hydro units and the water volume at reservoir 𝑣௘,௧ that 

minimize the system operation cost 𝐹ଶ, aspect of importance for the ISO. These 

two problems are solved iteratively, at any given time inside a period of analysis, 

with a dynamic piecewise DC lossy-load flow algorithm, where each line power 

loss 𝑓௟,௕,௧
௟௢௦௦ is halved and each half is updated and added up iteratively as extra load 

to each end of the lines until convergence is met [133] [27].  

 

Next, power flows 𝑓௟,௕,௧, transmission losses penalty factors, congestion surpluses, 

and nodal electricity prices 𝜏௡,௕,௧ are determined. With this information, DISCOs’ 

payments and GENCOs’ and TRANSCOs’ revenues are calculated, the market 

economic transactions settled and GENCOs’ profits objective function 𝐹  found. 

 

The rest of the methodology related to the NSGA III part is the same as in the 

model described before. For the fitness function determination, the ATM is used 

to tackle infeasible individuals in the population to make them approach the 

feasible region [78]. The normalization process of individuals is performed 

building a hyperplane with the ASF adjusted to handle infeasible individuals [81] 

[82] [83]. Fast non-dominated algorithm is used to sort individuals according to 

their fitness values [49] [48]. Self-adaptive SBX and Polynomial mutation 

operators are used to determine a child population [60] [92] [132] [94]. The 

advantage of these operators is that they do not require any parameter tuning to 



133 
 

be performed [95] [96] [101] [102]. Parent and child populations are combined 

and individuals inside are sorted using fast non-dominated sorting algorithm [61]. 

The association operator and the niching mechanism are used to generate a more 

spread set of solutions [61] [62].  

 

Finally, TOPSIS is also applied to determine to assist the decision-maker (ISO) to 

identify the best MS solution [103]. The iterative process halts when a stopping 

condition is met. The flowchart of the model is shown in Figure 4.6. 

 

 

Figure 4.6 Hybrid NSGA III/Dual Dynamic model flowchart to solve the wind-

hydro-thermal GTMS problem considering network losses and congestion. 
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4.4 Methodology of the models proposed to solve the GTMS 
problem 

 

The GTMS problem is very large, contains mixed integer-real variables, and is non-

convex in nature. The models developed and proposed to solve the problem in the 

three power systems scenarios defined during the medium term, require the 

following input data or information: 

 

 Thermal generators’ capacity limits, cost functions, fuel costs, and efficiency. 

 Hydro generators’ capacity limits and reservoir’s hydroelectric configuration 

and water storage limits.  

 Wind farms’ technical characteristics and capacity limits. 

 Network information relating to number and type of nodes used, transmission 

facilities capacity limits, and electrical characteristics. 

 Maintenances starting times allowed and duration corresponding to generation 

units and transmission facilities. 

 Identification of the type of electricity market to be considered and 

generators’ marginal costs and DISCOs’ electricity demand to be supplied. 

 Water inflows hydrology and wind speeds historical data. 

 

This information is feed into the novel hybrid MOEA-classical optimization models 

proposed. The models adapt the best features of these optimization techniques 

to process this information and tackle the GTMS problem considering the 

coordination mechanism that must exist between ISO and GENCOs in a market 

environment. Furthermore, Monte Carlo analysis is used when renewable energy 

is added to the problem.  The main outputs that are expected from the proposed 

models are the following: 

 

 A feasible non-dominated set of MS solutions for generation and transmission 

facilities from which the decision-maker (ISO) can choose the best.  

 Generation and transmission MSs that guaranty an adequate supply of 

electricity at a minimum cost, which are the goals of the ISO in the market. 

 Energy costs reduction for final consumers and cost savings for GENCOs profit 

maximization. 

 MS’s effect on electricity prices and on GENCOs’ revenues in the market. 
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Finally, the methodology explained so far requires the proposed models to pass a 

validation stage. Due to the nature and size of the problem, the validation process 

encompasses the partial use of information corresponding to real-life power 

systems and an exhaustive analysis of the results obtained, considering especially 

the conflicting relationship among the objectives of the different utilities in the 

market. Figure 4.7 presents the methodology of the models developed to solve 

the GTMS problem in a market environment.  
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Figure 4.7 Methodology of the models proposed to solve the GTMS problem. 
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CHAPTER 5 

 

CASE STUDY DATA 

 

To showcase the workability of the novel hybrid Multi-Objective Evolutionary 

Algorithms (MOEAs) and classical optimization models proposed in Chapter 4 to 

solve the generation and transmission maintenance scheduling (GTMS) problem, 

the technical characteristics of the three power system scenarios defined are 

presented in this chapter.  

 

These scenarios include data corresponding to well-known IEEE-benchmark 

networks established in the literature. Additionally, the third scenario uses real-

life technical data of wind and hydroelectrical generation units and reservoir 

water storage limits belonging to Bolivian electricity utilities. At the same time, 

the parameters required by the MOEAs and the classical optimization techniques 

in the different scenarios are provided in this chapter. 

 

5.1 Single node thermal system scenario 
 

The novel hybrid NSGA II/LIM model proposed to solve the generation maintenance 

schedule (GMS) is applied on a single node test system using the IEEE-RTS 24 bus 

test network’s 32 generators fired by coal, natural gas, diesel, and nuclear fuel 

[15]. Table 5.1 shows their technical characteristics, the GENCO they belong to, 

the type of fuel they use, annual maintenance costs, and the allowed starting 

times and duration of their maintenance. 

 

Three GENCOs are defined in the analysis so that three profit maximization 

objective functions are considered in the problem. The period under analysis is of 

52 weeks. The maximum annual demand considered is 2,850 MW. Table 5.2 shows 

the percentage of the peak demand used to find the demand in each week.  
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Table 5.1 Technical characteristics of generation units [15]. 

 

 

Table 5.2 Percentage of the annual maximum demand during each week [15]. 

 
 
The daily load curves of each day of a week have been divided into three load 

blocks or subperiods corresponding to high, medium, and low demand. The 

duration and the percentage of the weekly demand on each block are shown in 

Table 5.3 and the respective energy demand in each week is shown in Figure 5.1.  
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Table 5.3 Demand block duration and percentage for weekly demand. 

 

 

 

Figure 5.1 Demand of electrical energy per week (GWh) [15]. 

 

In a similar way, the weekly electricity price scenario used for the period under 

analysis is shown in Figure 5.2. This scenario is developed, using average wholesale 

electricity prices in Bolivia as a reference [135], so that the changes in prices 

reflect variations in electricity demand. Prices are usually highest when total 

demand is high because more expensive generation units are needed to meet the 

demand. Electricity prices for each subperiod of demand are found applying the 

percentages shown in Table 5.3 to the average Bolivian electricity prices used. 

 

With respect to the constraints, a minimum reserve margin of 12% [136] of the 

annual peak demand is considered. Furthermore, the minimum number of 

available generators during the whole year of analysis is set to 14 units. 

Additionally, since a single bus is used, no transmission losses were considered.  
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Figure 5.2 Weekly average electricity price scenario (US$/MWh). 

 

The parameter values related to the hybrid model proposed used to solve the GMS 

problem are shown in Table 5.4.  Even though a large number of iterations is used 

to ensure better convergence of the NSGA-II, the convergence rate is expected to 

decline significantly at the end of the iteration process achieving only minor 

improvements with an additional computational budget [137]. Since the number 

of objective functions has a strong effect on the effectiveness of the NSGA II, the 

size of the population is set to 200 so that a quarter of the initial population 

generated belongs to the best non-dominated front as recommended in [138]. 

The crossover and mutation indexes values are defined to achieve a better space 

exploration capability on the NSGA II algorithm, by allowing it to generate 

offspring solutions distant from parent solutions [139]. The crossover probability 

indexes are defined so that most individuals in a parent population undergo a 

crossover process to produce child individuals with better fitness function values. 

What is more, the mutation probability is defined so that child solutions after each 

iteration can escape early convergence and achieve diversity. The values of both 

probabilities are set as suggested in [140] to enable an enhanced exploration 

capability of new solutions. On the other hand, the values of the LIM limits are set 

so that the marginal costs of all the generation units considered in the analysis 

are in the range of the maximum and minimum lambda values [21].  
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Table 5.4 Parameters defined for the hybrid NSGA II-LIM proposed. 

 

 

Finally, to use TOPSIS, the weighting factors shown in Table 5.5 were assigned to 

each objective function of the problem. These weighting factors were defined in 

terms of any Electricity Regulation Agency (ERA) attitude towards the interests of 

the system. From the ERA perspective, the priority is to guarantee a reliable 

supply of electricity to consumers. The next priority is to deliver this electricity 

at a minimum cost possible. Finally, it is important to allow that each GENCO has 

an equal opportunity of making profits. With these weights defined and regulated 

in this way, then the decision-maker (ISO) can apply the hybrid model to find the 

best generation MS. 

 
Table 5.5 TOPSIS weighting factors assigned to the objective function. 

 

5.2 Multi-node thermal system scenario 
 

The hybrid NSGA III/Dual Simplex model proposed is applied on the IEEE-RTS 24 

bus test network with 32 generators and 38 transmission connections shown in 

Figure 5.3 [15]. Table 5.6 shows generators’ technical characteristics, the GENCO 

they belong to, annual operation and maintenance costs, and the periods and 

duration of their maintenance. 
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Again, three GENCOs are defined in the problem to have three profit maximization 

objective functions. The period under analysis is of 52 weeks. The maximum 

annual demand considered is 2,850 MW. Table 5.2 shows the percentage values of 

the peak demand used to find the demand in each week.  

 

 

Figure 5.3 IEEE-RTS 24-Bus Test Network [15]. 

 

Table 5.6 Technical characteristics of generation units. 
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The daily load curves of each day of a week have been divided into three 

subperiods or demand blocks corresponding to high, medium, and low demand 

levels. The duration and the percentage of the weekly demand in each subperiod 

are shown in Table 5.7 and the corresponding weekly energy demand is the same 

shown in Figure 5.1.  

 

Table 5.7 Demand subperiod duration and percentage for weekly demand. 

 

 

On the other side, the weekly electricity prices for each demand subperiod are 

determined by simulating a marginal price-based electricity market using the dual 

multipliers obtained after solving an economic dispatch (ED) problem. The system 

marginal price is found, and a marginal unit and node are identified using the 

following rules [141]: 

 

 The marginal unit corresponds to the last dispatched unit in an unconstrained 

power dispatch. 

 A unit forced to generate energy due to network congestion cannot be the 

marginal unit. 

 A unit cannot be marginal if the electricity price of the node through which is 

connected to the system is different from its marginal generation cost. 

 

The test network technical characteristics are shown in Table 5.8. Their 

maintenance cost considered are 2,500 US$/miles.week for transmission lines and 

40.5 US$/MVA.week for power transformers [142]. 

 

With respect to the constraints, a minimum reserve margin of 12% of the annual 

peak demand was assumed [136]. Furthermore, the minimum number of available 

generators during the whole year of analysis was set to 14 units.  
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Table 5.8 Technical characteristics of transmission facilities.

 

 
The parameter values related to the hybrid model proposed to solve the GMS 

problem are shown in Table 5.9. The number of objective functions has a huge 

effect on the proportion of non-dominated solutions present in an initial 

population with a certain number of individuals. In that sense, the population size 

is chosen so that a third of the individuals created in the initial population belong 

to the first non-dominated front, as recommended in [138]. Furthermore, the 

number of iterations used ensures convergence of the NSGA III avoiding any 

unnecessary computational effort [137]. Following the reference points creation 

technique, the number of partitions defined is a little bit greater than the number 

of objective functions in the problem. In this way, it is expected that every 

solution found will be associated with a particular reference point created 

[61,67]. The crossover and mutation probability distribution indexes defined 
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correspond to initial values and is expected that, with the self-adaptive 

capabilities introduced to these operators in this scenario, they will change 

according to the necessities of the evolutionary process. The number of grids 

defined for the diversity metric (DM) of the self-adaptive simulated binary 

crossover (SBX) operator value is equal to the number of partitions used to 

generate reference points. In such a manner, it is possible to couple the self-

adaptive SBX operator with the NSGA III algorithm more effectively. On the other 

side, the crossover probability is defined so that most individuals in a parent 

population undergo a crossover process to produce child individuals with better 

fitness function values [140]. The mutation probability value is defined as a 

number equal or greater than the inverse of the number of variables or the length 

of the individuals in the problem [132]. 

 

Table 5.9 Parameters of the hybrid NSGA III-Dual Simplex model proposed. 

 
 

Finally, TOPSIS is used as a decision-making tool again, to assist the decision-

maker (ISO) to choose the best generation and transmission MS solution. The 

weighting factors shown again in Table 5.5 are determined from the perspective 

of the ERA as explained before.  

 

5.3 Multi-node wind-hydro-thermal system scenario 
 

The novel hybrid NSGA III/Dual Dynamic (DD) model is applied on the IEEE-RTS 24 

bus test network already shown in Figure 5.3 [3]. Table 5.10 and Table 5.11 show 

thermal and hydro unit’s technical characteristics respectively, the GENCO they 

belong to, their operation and maintenance costs, and the periods and duration 

of their maintenance.  
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Table 5.10 Technical characteristics of thermal generation units. 

 
 

Table 5.11 Technical characteristics of hydro generation units [135].

 

 

What is more, Table 5.12 and Figure 5.4 present the reservoirs’ capacity and their 

hydroelectrical configuration, respectively. As it can be seen, the initial water 

volumes in the reservoirs at the beginning of the simulation are stated. What is 

more, there are 2 groups of cascade dams to which 10 hydroelectrical generators 

are connected. Spillage costs are calculated for each reservoir based on the 

location of the dams in the hydroelectric configuration. Upstream reservoirs built 

along a river have a greater spillage cost since spillage water represents greater 

potential energy lost [135]. Table 5.13 shows the technical characteristics of the 

wind turbines considered in the system. Information related to hydro units, their 

reservoirs, and wind turbines technical data correspond to two GENCOs operating 

in the Bolivian Electricity Market [135]. 

 



147 
 

Table 5.12 Technical characteristics of water reservoirs [135]. 

 
 

Figure 5.4 Reservoir’s hydroelectric configuration [135]. 
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Table 5.13 Wind farms technical characteristics [135]. 

 
 

In terms of water inflows, historical data of weekly water inflows in the Bolivian 

reservoirs corresponding to 40 years obtained in [135] are used to determine the 

water cost-to-go function of the system for a period of 3 years. In the same way, 

average hourly wind speeds in Bolivian wind farms for each week of the past 10 

years, described in [135], were used to determine the potential renewable energy 

generated for the year under analysis. All these data are detailed in Appendix 2. 

 

Three profit maximization objective functions related to the three GENCOs in the 

problem are defined. The period under analysis is again 52 weeks. The annual 

peak demand used, and its weekly percentages are the same as in the previous 

scenario and are shown in Table 5.2. 

 

The daily load curves have been divided into three subperiods corresponding to 

high, medium, and low demand levels. The duration, percentage of maximum 

demand and the generation capacity kept as spinning reserve on each subperiod 
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are shown in Table 5.14. The spinning reserve is allocated among generators so 

that more generation capacity is available to supply the peak demand and reduce 

generation costs as much as possible [135]. The weekly energy demand, adjusted 

with the contribution of wind generation, is shown in Figure 5.5. This potential 

wind contribution is found by applying Monte Carlo analysis to the wind farms and 

wind speeds data specified in the last chapter. It reached a total of 36.40 GWh 

for the year under analysis. 

 

Table 5.14 Demand subperiod duration and percentage for weekly demand.. 

 

  

 

Figure 5.5 Demand of electrical energy per week (GWh) 

 

Additionally, the weekly electricity prices for each demand subperiod were 

determined using the dual multipliers obtained from the solution of the ED 

problem and defining node 18 as the slack bus, so penalty factors can be 

calculated using that node as a reference bus. 

 

Network technical characteristics are the same as the ones shown in Table 5.8. In 

the same way, the transmission costs used are again 2,500 US$/miles.week for 

lines and 40.5 US$/MVA.week for power transformers [142]. 
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In terms of the problem constraints, a minimum reserve margin of 12% of the 

annual peak demand was assumed [3] and a minimum number of 18 available units 

was set. The NSGA III parameter values used to solve the wind-hydro-thermal 

GTMS problem are shown in Table 5.9. Finally, TOPSIS is used to assist in the 

decision-making about the best generation and transmission MS solution, and its 

weighting factors are determined as already explained in Table 5.5. 
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CHAPTER 6 

 

NUMERICAL RESULTS 

 

This chapter is devoted to the presentation of the results obtained from applying 

the hybrid classical and multi-objective evolutionary algorithm (MOEAs) novel 

models, formulated, and described in Chapters 3 and 4 respectively, to solve the 

generation and transmission maintenance scheduling (GTMS) problem in the three 

power systems scenarios, whose characteristics were stated in Chapter 5. 

 

First, the evolution of the generation and transmission maintenance schedule (MS) 

solutions towards a feasible non-dominated set of solutions is shown. Graphical 

representations consisting of two-dimensional charts showing the conflicting 

relationship between the different objective functions of the best non-dominated 

front of MS solutions are presented and analyzed. At the same time, the evolution 

of the values of the objective functions corresponding to the best solutions to the 

GTMS problem is depicted. Finally, the best generation and transmission MS 

solution for each power system scenario is identified and an analysis of its power 

characteristics is made. 

 

The simulations consider a period of analysis of 52 week, each week consisting of 

3 subperiods designed to model more accurately the demand.  These simulations, 

performed with the proposed hybrid NSGA II/LIM, NSGA III/Dual Simplex (DS) and 

NSGA III/Dual Dynamic (DD) models, were all conducted in MATLAB R2019b in an 

Intel® Core™ i7-8700 CPU 3.20GHz processor. 

 

6.1 Single node thermal system scenario 
 

The simulation of the proposed hybrid NSGA II/Lambda Iteration Method (LIM) 

model used to determine a set of non-dominated MS solutions in a single node 

thermal system scenario returns the results show in Appendix 3 and described 

below. 
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6.1.1 Feasibility of MS solutions 

 

All the MS solutions generated by the NSGA II/LIM model in the final population 

are feasible and comply with the constraints formulated. The model allows the 

initial population to evolve after each iteration towards a feasible non-dominated 

set of solutions as shown in Figure 6.1. 

 

 

Figure 6.1 Percentage of feasible MS (individuals) in the population. 

 

As it can be seen in Figure 6.1, with the Self-Adaptive Constraint Handling (SACH) 

technique used, the model allows the infeasible solutions in the initial population 

to evolve after each iteration towards a feasible and non-dominated set of MS 

solutions.  

 

The NSGA II/LIM model returned a total of 155 different non-dominated MS 

solutions at the end of the iteration process. The maximum and minimum values 

of their objective functions are shown in Table 6.1. 

 

Table 6.1 Maximum and minimum values of the objective functions of the non-

dominated MS solutions. 

 

 

Using these values, the normalized objective functions were found so that they 

could be plotted in the value path chart shown in Figure 6.2. 
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Figure 6.2 Value path chart corresponding to the non-dominated MS solutions. 

 

From the figure, it can be observed that the model spreads the solutions found all 

over the entire adequacy index and the GENCOs’ profits vectors. At the same time, 

there is a strong ‘‘zig-zag’’ effect among the objective functions, showing the 

conflicting relationship among the utilities’ goals, more especially between the 

adequacy index and the system total operation cost. 

 

6.1.2 Objective function’s relationship 

 

The feasible non-dominated MS results are spread across a five-dimensional space 

whose axes correspond to the system’s adequacy index, total operation cost, and 

the profits of three GENCOs. To present and interpret the results, a set of two-

dimensional plots with their non-dominated solutions identified are shown in 

Figures 6.3-6.5. 

 

The non-dominated fronts of the three objective functions related to profit 

maximization of the GENCOs are shown in Figures 6.3a-d. The figure reflects the 

competitive relationship between the three companies. The relation is strong 

between GENCO 3 and the other two companies. This is because GENCO 3 owns 

some of the most efficient low-cost generation units in the system which are 

usually dispatched as a priority by the ISO to meet the energy demand. However, 

the competitive relation between GENCOs 1 and 2 is even stronger because both 

utilities own units with similar generation costs. When any of the generators of 

one of these companies are unavailable, the units of the other company can be 
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dispatched to cope with the loss of capacity and supply the demand. Figure 6.3d 

also shows the three-dimensional shape of the non-dominated front of profits of 

the three GENCOs when plotted together. 

 

 

 

Figure 6.3 Non-dominated fronts for GENCOs profits objective functions 

(MMUS$). 

 

Figure 6.4 presents the non-dominated fronts related to the profits of each GENCO 

and the system total operation cost. Notice that when the GENCO’s profits 

increase, the system operation cost increases as well. GENCO 3 and GENCO 2 owns 

the most efficient units in the system that generate electricity to supply the base 

load demand. This represents a cost for the system that can only increase if other 

less efficient units of these GENCOs are dispatched when generators of the other 

companies are unavailable due to maintenance. On the other side, GENCO 2 owns 

many of the less efficient units that get dispatched if other more efficient units 

in the system are unavailable due to maintenance. When this happens, the total 

operation cost of the system increases. Furthermore, since GENCO 3 and GENCO 

1 have a strong competing relationship, when units of one of these GENCOs are on 

maintenance some units of the other GENCO are dispatched by the ISO, making 
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system operation cost less expensive. Figure 6.4d also shows the shape of the 3D-

space front when the non-dominated profits of GENCOs 1 and 3 and the total 

operation cost of the system are plotted together. 

 

 

 

Figure 6.4 Non-dominated front for GENCO’s profit and system total operation 

cost (MMUS$) 

 

Figure 6.5a-d shows the non-dominated fronts related to the profits of each 

GENCO, the system total operation cost, and the system adequacy index. Most of 

the inefficient units of GENCO 2 have small capacity and hardly ever get 

dispatched by the ISO, even when more efficient and larger capacity units are on 

maintenance, so when these units are unavailable the utility experience a small 

reduction in its profits. In such a case, the ISO manages to compensate the 

adequacy index of the system by making available generators of the other 

companies to supply the high subperiod demand. The same is true for GENCO 3 

because of the strong competitive relation between this utility and GENCO 2. In 

case of GENCO 1, this situation is more pronounced since its efficient and large 

capacity units, which usually get dispatched, are crucial to increase its profits and 

the system adequacy index. Figure 6.5d also shows that the system total operation 

cost increases as the adequacy index increases as well and vice versa. This is 
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because of the necessity of the ISO to have many units available, especially during 

high demand periods, to keep the reserve margin but running more expensive 

generation units. 

 

 

 
Figure 6.5 Non-dominated fronts for GENCO’s profit (MMUS$) and system 

adequacy index 

 

6.1.3 Evolution of the best MS during simulation 

 

Every individual inside these non-dominated sets represents a possible MS feasible 

solution. With the proposed hybrid model, each of these scenarios found have a 

minimum system total operation cost associated with a single adequacy index. 

 

The model works in accordance with the GMS practices of the electricity industry, 

related to keeping adequacy but ensuring minimization of total operation costs, 

with the addition that it provides the ISO with a set of feasible non-dominated MS, 

among which the best can be chosen. Since the TOPSIS decision-making tool has 

been applied after each iteration, the evolution of the objective functions related 

to the best generation MS scenario was tracked during the simulation and is shown 

in Figure 6.6. After each iteration, the hybrid model tries to improve the system 
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adequacy index and reduce the total operation cost since these two objective 

functions have a greater weighting factor assigned. In the case of GENCO’s profits, 

the model attempts to increase them without compromising the system adequacy 

index. At the same time, the competitive relationship between GENCO 2 and 3 is 

evident. As iteration progress, for every best MS solution found, an increase in the 

profits of one of these utilities represents a profit decrease in the other.  

 

 
Figure 6.6 Evolution of the objective functions in each iteration. 

 

Interesting to note is how, from one iteration to another, the best solution found 

changes by improving one objective function at the expense of another. This 

generates some oscillations on the MS best solution’s objective functions values 

during the evolutionary process and shows that the model keeps finding better 

new MS solutions during the iterations and adding them to the final set. 

 

6.1.4 Best Generation MS solution 

 

The best generation MS scenario generated by the model is shown in Figure 6.7. 

Notice that at any time at least one of the most efficient units belonging to the 

GENCOs is available for generating electricity. These generators are nuclear, and 

coal-fired, and of large capacity. What is more, these units are scheduled for 
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maintenance in periods when the demand of electricity is low, so that they can 

be available when the demand of electricity is high, contributing to an acceptable 

adequacy index value. 

 

 

Figure 6.7 Best generation maintenance schedule scenario. 

 

Moreover, Figure 6.8 shows the energy generated per GENCO and per technology 

corresponding to the best MS scenario found by the hybrid model. The medium 

capacity units of GENCO 1 are scheduled for maintenance at periods when the 

demand of electricity is low, or it is decreasing. GENCO 2 owns low and medium 

capacity units fired with natural gas and diesel respectively, who are not 

dispatched at all. Most of these units are scheduled for maintenance when the 

demand is low, so that their availability can contribute to an improved adequacy 

index during high demand periods. Medium size capacity units of GENCO 2 and 3 

are scheduled for maintenance at the beginning or at the medium of the period 

of analysis so that they can generate electricity during the last weeks when the 

electricity demand increases significantly. Finally, efficient nuclear generators 

are scheduled for maintenance at different weeks when the demand of electricity 

is low, contributing to an economic dispatch (ED) when the demand increases.  
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Figure 6.8 Energy generated by GENCOs and by type of fuel used. 

 

Figure 6.9 shows the reserve margin of the system and the number of units 

available related to the best MS scenario found by the model. At the start, middle, 

and the end of the period of analysis there is a greater number of generation units 

available since during these weeks the demand is high, and more units are needed 

to keep a high adequacy index. Notice that a minimum of 25 units are available 

at week 12 and the reserve margin reaches a minimum value of 347.6.6 MW at 

week 9. Both values comply with the constraints stated for the GMS problem. 

Finally, it must be mentioned that the best MS scenario resulted in an adequacy 

index of 59.5%, a system total operation cost of MMUS$ 275.91, and profits of 

MMUS$ 34.72, MMUS$ 40.66 and MMUS$ 29.34 for GENCOs 1, 2, and 3, respectively. 

 

 

Figure 6.9 Reserve margin and number of units available in the system. 

6.2 Multi-node thermal system scenario 
 

The simulation of the proposed hybrid NSGA III/Dual Simplex (DS) model used to 

solve the GTMS problem to find a set of non-dominated MS solutions in a multi-

node thermal system, gives the results shown in Appendix 4 and described below. 
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6.2.1 Feasibility of MS solutions 

 

The results obtained show that all the solutions or MS scenarios (individuals) in 

the final population become part of a feasible set. As shown in Figure 6.10, the 

combined action of the adaptive trade-off model (ATM) constraint handling 

technique and the achievement scalarization function (ASF) normalization process 

allows the infeasible initial population to evolve after each iteration gradually 

towards a feasible and non-dominated set of MS solutions. From iteration 80 

onwards, the number of feasible individuals in the population increases 

dramatically and reaches at the end of the simulation with a proportion of 100%.  

 

 

Figure 6.10 Percentage of feasible MS (individuals) in the population and 

diversity measure (DM) evolution. 

 

What is more, the figure also presents the evolution of the Diversity Measure (DM) 

of the SBX-SAM operator from a low to a high and almost constant value near 100%. 

This is because at the beginning of the evolution process the population of MS is 

diverse making the low crossover distribution index values spread across a wide 

range. As evolution progresses, feasible solutions are found, the diversity of the 

population stabilizes, and DM gradually reaches a higher and constant value. At 

this stage, on occasions, DM is perturbed due to the mutation operator effect. 

Since no additional feasible solutions are found in the search space, the 

exploration phase of SBX-SAM ends, while the exploitation phase begins, making 

the value of the crossover distribution index reach high values located in a small 

range. 
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In this scenario, the NSGA III/DS model returned a total of 231 different non-

dominated MS solutions at the end of the iteration process. The maximum and 

minimum values of their objective functions are shown in Table 6.2. 

 

Table 6.2 Maximum and minimum values of the objective functions of the non-

dominated MS solutions. 

 

 

With this values, the normalized objective functions were found so that they could 

be plotted in the value path chart shown in Figure 6.11. 

 

 

Figure 6.11 Value path chart corresponding to the non-dominated MS solutions. 

 

From the figure, it can be observed that the model provides solutions spread more 

evenly over all the objectives functions vectors. Is important to realize that there 

is a strong ‘‘zig-zag’’ effect among the objective functions as well, showing the 

conflicting relationship among all the utilities’ goals in the market. 

 

6.2.2 Objective function’s relationship 

 

The feasible non-dominated MS results are spread across a five-dimensional (5D) 

space whose axis correspond to the systems adequacy index and total operation 

cost and the profits of three GENCOs. To represent better the results, a set of 
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two-dimensional (2D) plots with their non-dominated solutions identified are 

shown in Figures 6.12-6.14. 

 

The non-dominated fronts of the three objective functions related to profit 

maximization of the GENCOs are shown in Figure 6.12, which reflects the 

competitive relationship between these utilities. This relation is weak between 

GENCO 1 and the other two companies. This is because units of GENCO 1 are 

usually the marginal units of the system and end up defining the electricity 

marginal cost of the system. The strong correlation between this cost and the 

demand has an important impact in electricity prices and revenues of all 

companies. This puts this GENCO in a strong position in the market, allowing it to 

make considerable profits and set prices. However, the competitive relation 

between GENCOs 3 and 2 is stronger because both utilities own units with similar 

generation costs. Then, when any of the units of one of these companies are on 

maintenance, the units of the other company are dispatched by the ISO 

immediately to cope with the loss of capacity in the system and supply the 

demand. Figure 6.12d also shows the 3D shape of the non-dominated front of 

profits of the three GENCOs when plotted together. 

 

Figure 6.13 presents the non-dominated fronts related to the profits of each 

GENCO and the system total operation cost. It shows that when the profits of 

GENCO 3 increase, the system total operation cost increases as well, and vice 

versa. The same is true for the relationship between total generation costs with 

GENCO 2 profits and, to a lesser extent, with GENCO 1’s profits too. GENCO 2 and 

GENCO 3 own the most efficient units of the system, which when on maintenance 

causes the system operation cost to increase. This situation represents a loss of 

profits for these GENCOs, which is compensated by the revenues made from selling 

energy generated with less efficient units at a higher price. On the other side, 

GENCO 1 owns many of the less efficient units in the system. When these are 

available, they get dispatched, and some become marginal units and fix the 

electricity prices in the system. As a result, the total operation cost of the system 

varies according to the demand fluctuations. Furthermore, Figure 6.13d also 

shows the shape of a non-dominated front in a 3D-space when the non-dominated 

profits of GENCOs 1 and 2 and the total operation cost of the system are plotted 

together. 
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Figure 6.12 Non-dominated fronts for GENCOs profits objective functions 

(MMUS$). 

 
Figure 6.13 Non-dominated front for GENCO’s profit and system total operation 

cost (MMUS$). 
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Figure 6.14 shows the non-dominated fronts related to the profits of each GENCO 

and the system total operation cost and the system adequacy index. In the case 

of GENCO 1, its cheapest carbon unit is most profitable and has a large capacity. 

When this unit is unavailable, other less expensive and larger units get dispatched 

so that the system adequacy index increases while the company profits decrease. 

This conflicting relationship is a little bit more notorious between GENCO’s 2 and 

3 profits with the adequacy index. When efficient units of any of these utilities 

are on maintenance, the available units of the other company are dispatched, 

increasing the reliability of the system, and reducing the profits of the utility with 

its units unavailable. This situation is stressed for GENCO 2 since it owns the least 

efficient units in the system that hardly ever get dispatched. Thus, when its most 

efficient high-capacity unit is on maintenance, GENCO 2 experiences a great loss 

of profits; the ISO compensates for the loss of capacity by keeping available 

GENCO 2’s less efficient units to improve the adequacy index.  

 

 

 
Figure 6.14 Non-dominated fronts for GENCO’s profit (MMUS$) and system 

adequacy index 

 

Figure 6.14d shows that the system total operation cost decreases as the adequacy 

index of the system decreases too. This strongly depends on the fluctuations of 

the demand. The system total operation cost is higher at periods of high demand 
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when more available units are needed to keep the system reserve margin above 

the minimum defined. On the other side, this cost is lower for periods of low 

demand, when fewer units are needed to keep the reserve margin and the 

adequacy index. 

 

6.2.3 Evolution of the Best MSs during simulation 

 

Every individual inside the non-dominated set of feasible solutions represents a 

possible MS scenario. Using the proposed hybrid model, MS solutions are developed 

so that each scenario has its own single minimum system total operation cost, 

which does not happen in [115] and [116], related to an adequacy index. 

 

This aspect works in accordance with the maintenance scheduling philosophy of 

the electricity industry, with the difference that the model allows the ISO not to 

have one but a set of feasible non-dominated MSs at disposal, among which it can 

choose the best. Since the TOPSIS decision-making tool has been applied after 

each iteration, the evolution of the objective functions related to the best GTMS 

scenario was tracked during the simulation and is shown in Figure 6.15.  

 

 

 
Figure 6.15 Evolution of the objective functions in each iteration. 
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After every iteration, the hybrid NSGA III/DS model tries to increase the system 

adequacy and reduce the system total operation cost because these two objective 

functions have a great weighting factor assigned. In the case of GENCOs’ profits, 

the model attempts to increase them, when possible, without compromising the 

system adequacy index. Notice that, from one iteration to another, the best MS 

found changes by improving one objective function at the expense of another. 

This produces oscillations on the MS best solution’s objective functions values 

during the evolutionary process, since the model keeps finding better new MS 

solutions during the simulation and adding them to the final set. 

 

6.2.4 Best generation and transmission MS solution 

 

The best generation and transmission MS scenario generated by the proposed 

model is shown in Figure 6.17.  

 

Figure 6.17 Best Generation and Transmission Maintenance Schedule Scenario. 
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Moreover, Figure 6.18 shows the energy generated by each unit in the system, per 

GENCO and per technology used, and Figure 6.19 shows the transmission lines load 

profile for high subperiod demand conditions; all corresponding to the best MS 

scenario found by the hybrid model. The figure shows that from weeks 13 to 21, 

GENCO 3 is not generating energy at all since its most profitable and efficient 

unit, powered by nuclear fuel and connected to the system through node 18, is on 

maintenance.  

 

 

Figure 6.18 Energy generated by GENCOs and by fuel source. 

 

At the same time, Figure 6.19 shows that at week 17, when line LIN 5-10 goes into 

maintenance, line LIN 6-10 gets congested due to the extra power that it needs 

to transport. At that week, line LIN 18-21B is on maintenance, increasing the load 

of its parallel counterpart LIN 18-21A. Notice that these two lines go into 

maintenance at weeks 16 and 35 respectively, when the demand is low. In the 

same way, the two parallel lines LIN 15-21 A and LIN 15-21 B go into maintenance 

at different weeks when the demand of the system is decreasing and starting to 

increase, respectively. Furthermore, natural gas-fired unit GEN-15, connected to 

the system through node 7, goes into maintenance at the same weeks when 

maintenance of line LIN 8-9 takes place which make sense since this line is critical 

for injection of the energy generated by this unit to the system. Furthermore, 

maintenance of transformers take place at different weeks with low demand 

levels, making it possible the transfer of energy from different parts of the system. 

All these results suggest that the hybrid model manage to develop a certain degree 

of coordination among generators and transmission MS and between them with the 

system energy demand. 
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Figure 6.19 Transmission lines load profile for high block subperiod. 

 

Figure 6.20 shows the reserve margin of the system and the number of units’ 

available corresponding to the best MS scenario found by the model. At any time 

at least one of the efficient units belonging to GENCOs 2 and 3 is available for 

generating electricity. These units are scheduled for maintenance at periods of 

low electricity demand, so that they can be available when the demand is high, 

contributing to an acceptable adequacy index. On the other hand, Figure 6.20b 

shows that at the beginning and end of the period of analysis there is a greater 

number of generation units available. This is because during these periods the 

demand of electricity is high, so the model ensures that all the necessary units 

remain available to keep the adequacy index. Notice that a minimum of 23 units 

are available at week 11 and that the reserve margin reaches a minimum of 349.7 

MW at week 13, a value that complies with the constraints of the GTMS problem. 

 

 

Figure 6.20 Reserve margin and number of units available in the system. 
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Figure 6.21 shows the average system marginal cost, and nodal energy prices, 

economic transactions on the electricity market, and GENCOs weekly profits for 

the best MS scenario. The average system marginal cost is not only affected by 

the demand fluctuation, but also by the MS of transmission lines and generation 

units. When efficient units are on maintenance, more inefficient units are 

required to supply the demand, which increases the system marginal cost. The 

average nodal energy prices have a strong correlation with this marginal cost. 

 

 

 
Figure 6.21 Average system marginal cost and electricity nodal prices, market 

economic transactions and GENCOs’ profits. 

 

On the other hand, in terms of the economic transactions, most of the payments 

made by end consumers are allocated to GENCOs as revenues in accordance with 

the amount of energy produced. A small proportion represents the merchandising 

surplus that arises due to losses in the system and is allocated to the TRANSCO as 

revenue. Few congestion cases have been detected in the best MS result. They 

correspond to line LIN 6-10 during high block demand due to maintenance works; 

and line LIN 7-8 during medium and low block demand periods, since it injects 

energy generated by efficient gas-fired units directly to the system. The amount 

of congestion surplus is very small and is not allocated to any company at all. 
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Finally, it should be mentioned that the best MS scenario resulted in an adequacy 

index of 58.81%, a total system operation cost of MMUS$ 276.14 and profits of 

MMUS$ 36.22, MMUS$ 41.07, and MMUS$ 29.61 for GENCOs 1, 2, and 3 respectively. 

 

6.3 Multi-node wind-hydro-thermal system scenario 
 

The simulation of the proposed hybrid NSGA III/Dual Dynamic (DD) model used to 

find the set of non-dominated MS solutions in a multi-node hydro-thermal system 

operating in a competitive electricity market, presents the solutions shown in 

Appendix 5 and described next. 

 

6.3.1 Feasibility of MS Solutions 

 

The results obtained show that all the solutions or MS scenarios in the final 

population become feasible. The model allows the initial population to evolve in 

each iteration towards a feasible and non-dominated set of solutions, as seen in 

Figure 6.22. From iteration 50 onwards, the number of feasible individuals in the 

population increases rapidly reaching a value of 100%.  

 

 

Figure 6.22 Percentage of feasible MS (individuals) in the population and 

diversity measure (DM) evolution. 

 

The figure also shows the evolution of the DM of the SBX-SAM operator, from a low 

to a high value that approaches 100%. The reason for this is that at the beginning 

of the evolution the population of MS is diverse making low crossover distribution 

indexes spread across a wide range. As evolution progresses and feasible solutions 
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are found, the diversity of the population stabilizes, and DM gradually reaches a 

higher and constant value. On occasions, DM is perturbed due to the mutation 

operator effect, generating some spikes. When no additional feasible solutions are 

found in the search space, the exploration phase of SBX-SAM ends and the 

exploitation phase begins, making high a crossover distribution index located in a 

small range. 

 

The NSGA III/DD model in this scenario returned a total of 249 different non-

dominated MS solutions after the iteration process was completed. The maximum 

and minimum values of their objective functions are shown in Table 6.3. 

 

Table 6.3 Maximum and minimum values of the objective functions of the non-

dominated MS solutions. 

 

 

These values were used to find the normalized objective functions so that they 

could be plotted in the value path chart shown in Figure 6.23. 

 

 

Figure 6.23 Value path chart corresponding to the non-dominated MS solutions. 

 

From the figure, it can be observed that the model provides solutions spread 

evenly all over the objectives functions vectors. There is a strong ‘‘zig-zag’’ effect 

among the adequacy index, the system total operation cost and the profits of 
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GENCO 1, showing the conflicting relationship among these objective functions. 

However, this relationship is less competitive among the GENCOs since it is very 

sensitive to generators’ ownership and the price setting mechanism used. 

 

6.3.2 Objective Function’s Relationship 

 

The feasible non-dominated MS results are spread across a five-dimensional (5D) 

space whose axis correspond to the systems adequacy index and total operation 

cost and the profits of three GENCOs. To represent the results, a set of two-

dimensional (2D) plots with their non-dominated solutions identified are shown in 

Figures 6.24-6.26. 

 

The non-dominated fronts of the three objective functions related to profit 

maximization of the GENCOs are shown in Figure 6.24a-d. It reflects the degree 

of the competitive relationship among the GENCOs. This relation is weak between 

GENCO 1 and the other two companies because its generators define the system 

marginal cost. The strong correlation between this cost and the demand has a 

huge impact in electricity prices and revenues of all companies. This puts this 

GENCO in a strong position in the market, allowing it to make considerable profits. 

However, the competitive relation between GENCOs 3 and 2 is a little bit stronger 

because both utilities own units with similar efficiencies. When units of one of 

these companies are on maintenance, the units of the other company are 

dispatched by the ISO immediately to cope with the loss of capacity. Thus, the 

conflicting relationship among the profits of the GENCOs depends strongly on what 

generators each GENCO owns. Figure 6.24d also shows a 3D shape of the non-

dominated front of GENCOs profits when plotted together. 
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Figure 6.24 Non-dominated fronts for GENCOs profits objective functions 

(MMUS$). 

 

Figure 6.25a-d presents the non-dominated fronts related to the profits of each 

GENCO and the system total operation cost. It shows that when the profits of the 

three GENCOs increase, the system total operation cost increases as well, and vice 

versa. GENCO 2 and GENCO 3 own the most efficient units of the system that, 

when on maintenance, cause the system operation cost to increase. This situation 

represents a loss of profits for these GENCOs, which is compensated by the 

revenues made from selling energy generated with less efficient units at a higher 

price. What is more, GENCO 1 and 2 own hydroelectric units with high water 

storage capacity. When these units are on maintenance, the system operation cost 

increases sharply. To cover this unavailable capacity, thermal units of these 

companies are dispatched increasing their profits. Figure 6.25d shows the 3D-

shape of the non-dominated front of GENCO 1 and 2 profits and system total 

operation cost plotted together. 
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Figure 6.25 Non-dominated front for GENCO’s profit and system total operation 

cost (MMUS$). 

 

Figure 6.26a-d shows the non-dominated fronts related to the profits of each 

GENCO and the system total operation cost with respect to the system adequacy 

index. Large units are the most profitable for GENCOs because of their high 

efficiency. When these units are unavailable, other less expensive and smaller 

units get dispatched, so that the system adequacy index increases while the 

company profits decrease. This conflicting relationship is a little bit more 

notorious between GENCO’s 2 and 3 profits with the adequacy index since these 

companies own the most efficient units of the system. This situation is stressed 

for GENCO 2 since it owns the less efficient units in the system that hardly ever 

get dispatched. Thus, when its most efficient high-capacity unit is on 

maintenance, a great loss of profits is experienced by GENCO 2, the ISO 

compensates for the loss of capacity by keeping available GENCO 2 less efficient 

units to improve the adequacy index.  
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Figure 6.26 Non-dominated fronts for GENCO’s profit (MMUS$) and system 

adequacy index. 

 

Figure 6.26d shows that the system total operation cost decreases as the adequacy 

index of the system decreases too. This strongly depends on the fluctuations of 

the demand of the system. The system operation cost is higher at periods of high 

demand when more available units are needed to keep the system reserve margin 

above the minimum and vice versa. 

 

6.3.3 Evolution of the best MS solutions during simulation 

 

Every individual inside the non-dominated set of feasible solutions represents a 

possible MS scenario. Using the proposed hybrid model, MS solutions are developed 

so that each scenario has a single minimum system total operation cost associated 

with an adequacy index, which does not happen in [115] and [116]. This aspect 

works in accordance with the maintenance scheduling philosophy of the electricity 

industry described in Chapter 2, with the difference that the model allows the ISO 

not to have one but a set of feasible non-dominated MS at disposal, among which 

it can choose the best in accordance with the weighting factors assigned to the 

objective functions by the ERA. Since the TOPSIS decision-making tool has been 
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applied after each iteration, the evolution of the objective functions related to 

the best GTMS scenario was tracked during the simulation as shown in Figure 6.27.  

 

 
Figure 6.27 Evolution of the objective functions in each iteration. 

 

This figure shows that after every iteration, the hybrid NSGA III/DD model tries to 

increase the system adequacy and reduce the system total operation cost because 

these two objective functions have a great weighting factor assigned. In the case 

of GENCO’s profits, the model manages to increase them without compromising 

seriously the adequacy index. From one iteration to another, the best MS found 

changes by improving one objective function at the expense of another. This 

produces oscillations on the best solution’s objective functions values during the 

evolutionary process, implying that the model keeps finding better new MS 

solutions during the iterations and adding them to the final set. 

 

6.3.4 Best generation and transmission MS solution 

 

The best wind-hydro-thermal generation and transmission MS scenario generated 

by the proposed model is shown in Figure 6.28. Notice that parallel lines become 

unavailable for maintenance one at a time in different weeks when the demand 

of the system is low. Furthermore, maintenance of most transformers takes place 
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at weeks when the demand is decreasing, allowing an economic transfer of energy 

from different parts of the system. Many hydroelectrical generators with large 

water storage capacity go into maintenance between weeks 15 and 41, allowing 

water replenishment during the dry season, and become available during the rainy 

season when the demand is the highest.  

 

 

 
Figure 6.28 Best Generation and Transmission Maintenance Schedule Scenario. 

 

Moreover, Figure 6.29a-c shows the energy generated by GENCO and by 

technology. Notice that when GENCO 2 energy generated is reduced due to units 

on maintenance, GENCO 3 covers this deficit by generating energy with its 

available units and vice versa. In the same way, when nuclear units are on 
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maintenance, carbon-fired units take their place in the market. Figure 6.29c also 

shows the reservoirs’ final volume at the end of each week. The MS of hydro units, 

especially the ones fed by reservoirs 1 and 3 which have significant water storage 

capacity, ensures enough water is stored for generating hydroelectrical energy 

during periods of high demand. 

 

 

 
Figure 6.29 Energy generated by GENCOs, fuel source and Final Volume in 

Reservoirs for the best MS scenario. 

 

Figure 6.30 presents the transmission lines load profile for high subperiod demand 

conditions.  It is interesting to note that no congestion cases were detected during 

the simulation at any demand block scenario. Line LIN 7-8 becomes slightly loaded 

at weeks when units GEN 14, 15 and, 16 are available for generation and injecting 

their energy to the rest of the network, especially when the demand is low. In the 

same manner, line LIN 8-10 becomes loaded when unit GEN 19 generates energy, 

after ending its maintenance, to feed the loads nearby node 10. All the results 

described till now, suggest that the hybrid model develops a degree of 

coordination between generators and transmission MS and among them with 

reservoirs water storage and system demand. 
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Figure 6.30 Transmission lines load profile for high block subperiod. 

 

Figure 6.31a-b shows the reserve margin of the system and the number of 

generators available corresponding to the best MS scenario found by the model. 

At the beginning and at the end of the period of analysis there is a greater number 

of generation units available. This is because during these periods the demand of 

electricity is high, and the model ensures that all the necessary units remain 

available to keep a high adequacy index. Notice that a minimum of 29 units are 

available at week 38 and the reserve margin reaches a minimum of 358.2 MW at 

week 49. These values comply with the constraints stated on the problem. 

 

 

Figure 6.31 Reserve margin and number of units available in the system. 

 

Figure 6.32a shows the average nodal electricity prices in the market. These prices 

are not only affected by the demand fluctuation, but also by the MS of generation 

units. When efficient nuclear and coal units are on maintenance simultaneously, 

additional generators are required to supply the demand, increasing electricity 

prices in the system. What is more, when hydroelectric units SIS34 and CHJ1 are 
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on maintenance on weeks 20 and 26 respectively, the electricity prices spike due 

to the need for thermal generators to cope with the demand. The same effect is 

noticed in week 39 when natural gas-fired units, which usually set the system 

marginal cost, go into maintenance. 

 

Furthermore, figure 6.32b shows that GENCOs’ profits have a strong correlation 

with electricity prices in the market.  The conflicting relationship between the 

profits on GENCO 1 and the other companies’ profits can still be distinguished. 

Still, this relationship strongly depends on the ownership of the generation units. 

On the other hand, figure 6.32c shows the economic transactions on the electricity 

market. Notice that most of the money consumers pay is allocated to GENCOs as 

revenues according to energy produced. A small proportion represents the 

merchandising surplus arising due to losses in the system and allocated to the 

TRANSCO as revenue. No congestion surplus is detected in this scenario. 

 

 
Figure 6.32 Average electricity nodal prices, market economic transactions and 

GENCOs’ profits. 

 

Finally, the best MS scenario presents an adequacy index of 58.46%, a total system 

operation cost of MMUS$324.77, and profits of MMUS$216.67, MMUS$150.80, and 

MMUS$188.52 for GENCOs 1, 2, and 3 respectively. 
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6.4 Summary of results  
 

The results obtained so far can be summarized as follows. Table 6.4 presents the 

energy balance corresponding to the best MS solution found by the hybrid models 

in each scenario. Power losses increase the energy output of generators. Losses in 

the multi-node wind-hydro-thermal scenario are lower because of embedded wind 

generation in the demand.  The average electricity prices are higher for multi-

node scenarios. What is more, the locational-price electricity market assumed in 

this system scenario produces higher electricity prices than the marginal price-

based electricity market used in the multi-node thermal system scenario. This is 

because of the setting-price rules established in section 5.2 to define the marginal 

unit of the system.  

 

Table 6.4 Energy balance for the best MS solution found on each scenario. 

 

 

Furthermore, Table 6.5 presents the objective function’s values corresponding to 

the best MS solutions found for the three scenarios. The higher profits obtained 

by GENCOs are due to the higher electricity prices determined in the market. The 

system total operation cost is almost the same for the first two scenarios. This is 

because the technical characteristics used for the thermal units were almost the 

same in both scenarios. However, due to water management and the use of slightly 

different maintenance costs and generator efficiencies, this cost is different in 

the third scenario. On the other side, adequacy index values are quite similar in 

the three scenarios, but still, the third scenario presents the lowest.   
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Table 6.5 Values of objective functions relative to the best MS solution for each 

scenario. 

 

 

What is more, Table 6.6 shows the parameters and number of variables used when 

solving the GTMS problems on the three scenarios. The number of iterations and 

the population size is greater for the single-node thermal system scenario 

compared to the other cases. This is because NSGA II finds it more challenging to 

find non-dominated solutions when the number of objective functions is greater 

and equal to 5, as explained in Chapter 2. In other words, the more variables and 

objective functions involved, the greater the size of the population and of the 

number of iterations [55]. Both multi-node system scenarios present crossover 

and mutation reproduction operators with self-adaptive capabilities. In that 

sense, the distribution indexes and the mutation probability stated in the table 

correspond to final values. These parameter values are low at the beginning to 

achieve a strong exploration effect during the search of the solutions at the 

beginning of the simulation. As iteration progresses, they are adapted reaching 

high values that enable the operators to apply an exploitation effect on the MS 

solutions found during the last part of the simulation, to find additional nearby 

solutions in the feasible space.  

 

Table 6.6 Parameters of the hybrid models used. 
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Finally, in the three scenarios, the hybrid models manage to find a feasible set of 

non-dominated generation and transmission MS solutions. All these MS solutions 

comply with the required level of reserve stated in the problems and present 

acceptable adequacy indexes. What is more, the operation cost of the system for 

each MS solution found corresponds to the minimum and is associated with a single 

adequacy index. As iteration progresses, the objective functions values of the best 

MS solutions get better, especially the adequacy index and the system total 

operation cost. This is very helpful for the ISO for making medium-term planning 

since it can use this set of generation and transmission MS solutions as a portfolio 

of options, from which a new MS can be selected in case any GENCO or TRANSCO 

request a modification of a previous MS proposed by the ISO, due to technical or 

economic reasons.  
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CHAPTER 7 

 

CONCLUSIONS AND RECOMENDATIONS 

 

A summary of the research reported in this thesis was presented in the first section 

of this chapter. This was followed by a brief appraisal of the research 

contributions and conclusions. The chapter closes with several suggestions for 

future work. 

 

7.1 Dissertation Summary 
 

The first chapter of this thesis provided relevant background about the electricity 

industry and stated how important it is to handle electricity facilities maintenance 

from the perspective of the ISO, the electricity utilities, and final consumers. At 

the same time, drivers for better maintenance techniques for the industry were 

described in the context of electricity markets, adequacy of the electricity supply, 

and the impact of renewable energies. Then, a description of the objectives of 

the present research project was presented followed by a brief explanation of the 

structure of this thesis.  

 

Chapter 2 opened with an introduction to the concepts of maintenance in terms 

of the electricity industry, the types, philosophies of maintenance, and their 

impact on electricity utilities. Next, a description of the electricity industry 

organization and of the different classical optimization techniques considered to 

solve power systems problems related to the GTMS was detailed, especially in the 

context of economic dispatch, unit commitment and electricity markets. Later, a 

group of Multi-Objective Evolutionary Algorithms (MOEAs) was described and the 

benefits of NSGA II and NSGA III to solve the GTMS problem were analyzed, and 

their characteristics were stated. Then, a brief description of how the industry 

and the academia have tackled the GTMS problem was presented, outlining the 

benefits and drawbacks of the approaches identified.     
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The three power system scenarios to solve the GTMS problem were described in 

Chapter 3. The description included the corresponding mathematical formulations 

of the objective functions and constraints considered. In addition, a description 

of how the objective functions selected conflict with each other was made. What 

is more, the chapter described how the decision variables, both real and integer, 

were treated and handled to make the GTMS problem much easier to solve 

mathematically and computationally.  

 

In Chapter 4, the methodologies to solve the GTMS problem in the three power 

systems test case scenarios were defined. The way classical and MOEAs 

optimization techniques were put together in a single algorithm to determine a 

set of non-dominated MS solutions and the decision-making tools used to select 

the best solution was described. At the same time, the genetic operators used and 

how their parameters affect the search for feasible solutions were stated. What 

is more, the benefits of introducing self-adaptive capabilities to these operators 

are explained, among which the most important is avoiding any tuning of the 

reproduction parameters in the hybrid models developed. Finally, the constraint 

handling and the objective function normalization techniques used were 

established and their characteristics and efficacy clearly stated. 

 

Chapter 5 contains a comprehensive description of the data pertaining to the three 

power system scenarios used in this thesis to test the effectiveness of the proposed 

GTMS hybrid models and fulfill the objectives of the PhD project. Important to 

mention is that wind and hydro generation units’ data corresponds to information 

related to electricity utilities operating in the power industry of Bolivia. 

 

The penultimate chapter of this thesis, Chapter 6, presented a description of the 

maintenance schedule (MS) solutions obtained when applying the hybrid models 

to solve the GTMS problem in the three power system scenarios. An analysis of the 

conflicting relationship among the different objective functions in each scenario 

was done, as well as a depiction of how the hybrid model managed to find feasible 

solutions as iterations progressed. The best generation and transmission MS 

solutions found for each scenario were shown and an analysis of their power 

characteristics and effect on electricity prices was performed, stressing the fact 

that all constraints in these solutions were completely satisfied. Finally, a 
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summary of the results and the characteristics of the hybrid models used to solve 

the multi-objective GTMS problem in each power system scenario was made, 

stating how they can be useful for the Independent System Operator (ISO) in the 

industry during its planning activities.  

 

7.2 Appraisal of research contributions 
 

A novel hybrid NSGA II/Lambda Iteration Method (LIM) approach has been 

developed to solve the generation maintenance scheduling (GMS) problem in a 

single-node electricity market environment, considering the nature and type of 

the variables involved, the objective functions related to GENCOs profits, system’s 

total operation cost and adequacy and constraints corresponding to the 

availability of units, reserve margin, and demand balance. What is more, a novel 

hybrid NSGA III/Dual Simplex (DS) approach has been developed too, to solve the 

multi-objective GTMS problem in a multi-node competitive electricity market, 

taking into account the type of variables involved and the same objective 

functions and constraints described before. Additionally, this model considers 

network losses and constraints, and the effect of the MS solutions found in the 

electricity prices. In the same way, a novel hybrid NSGA III/Dual Dynamic (DD) 

model has been developed to solve the multi-objective GTMS problem in a multi-

node electricity market, considering the type of the variables involved and the 

objective functions and constraints already explained. Furthermore, the model 

examines the effect of wind energy and water reservoir management in time, 

corresponding to cascade hydroelectrical units, in the MS solutions found. Thus, 

as it can be seen, the novel models have been upgraded as the system and the 

maintenance scheduling problem got more complicated. 

 

The results show that the novel models developed generate a well spread non-

dominated set of MS solutions whose characteristics comply with the reasonable 

behaviors of GENCOs and the ISO in the electricity market. The competitive 

relationships among GENCOs and the conflicting relationships between GENCOs 

and the ISO in the market are illustrated and clearly described. Furthermore, the 

results display a degree of coordination between transmission and generation MS 

and among them and the electricity demand. What is more, electricity prices are 
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determined considering the effect of the MS solutions found and their impact on 

the profits of the GENCOs. As iterations progress, the individuals evolve to a set 

full of feasible MS solutions, whose objective functions show that the best results, 

identified using TOPSIS, improve during the simulation and manage to converge. 

What is more, the sets of feasible solutions found by these hybrid models present 

generation and transmission MS scenarios with a reserve margin above the 

minimum specified and supplying electricity at a minimum cost. Additionally, for 

every adequacy index found there is a single operation cost associated, reducing 

the number of solutions in the feasible space. 

 

In that sense, considering all the above mentioned, six main contributions are 

made in this thesis, which are described and elucidated in this section: 

 

 Contribution 1: An extensive literature review related to classical and 

MOEAs optimization techniques to solve the GTMS problems. 

 

Even though the most recent literature review in [9] presents an important 

literature on solving the GTMS problem in deregulated electricity markets, 

Chapter 2 complements it by including optimization models that use MOEAs. 

This is shown in Table 2.1 where the advantages and disadvantages of all these 

metaheuristic approaches are identified and analyzed. In the same way, a 

description of the current electricity industry practices carried out in some 

parts of the world to tackle the GTMS scheduling problem is done, highlighting 

the need to ensure in every MS a reliable supply of the demand at a minimum 

cost.  

 

 Contribution 2: Three novel hybrid classical-MOEA models for determining 

the best feasible non-dominated MS solutions for the GTMS problem. 

 

An important contribution of this thesis is the novel combination of classical 

and MOEAs optimization features to find the best feasible non-dominated MS 

solutions of the GTMS problem in a deregulated electricity market considering 

transmission losses, congestion, and the effect of wind energy and hydro 

generation corresponding to cascade units with water storage capacity. The 

way the availability variables were handled made it possible to reduce the 
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size and complexity of the problem. What is more, the objective functions and 

constraints formulated deal with the most important aspects an ISO must face 

when planning electricity facilities MS. The system reliability is formulated 

with a proposed adequacy index which measures the adequacy or relation 

between the net and the gross reserve margins. The system total operation 

cost to be minimized consists of the fuel and generation and transmission 

maintenance costs. GENCOs profits in the market environment were 

calculated by subtracting their revenues, made selling energy in the market, 

from the generation costs. Notice that by combining classical and MOEAs 

techniques in a novel way, it is possible to find generation and transmission 

MS solutions that operate at a minimum cost, fulfill the system adequacy 

requirements, and consider GENCOs financial health. There is no other 

approach in the literature that deals with the GTMS scheduling problem using 

such novel hybrid models. 

 

 Contribution 3: Analyzing the effect of generation and transmission MS 

solutions in the electricity prices in the market. 

 

Chapter 4 shows that the hybrid NSGA III/DD and NSGA III/DS models designed 

to tackle the GTMS problem in the multi-node system scenarios, considering 

transmission congestion and losses, were also able to determine the electricity 

nodal prices in the MS solutions, which in turn are used to determine the 

Distribution Companies’ (DISCOs) charges and the GENCOs’ revenues during 

the period of analysis. This is important since the profits of GENCOs are 

determined using those revenues and, as a consequence, the determination 

of the best non-dominated MS solution is strongly dependent on the effect 

that they have on the electricity prices in the system. Most approaches to 

solve the GTMS problem that consider GENCOs profit maximization as one 

objective function, described in Chapter 2, use electricity prices scenarios 

developed externally to be used as inputs to their models. 

 

 Contribution 4: Considering water management in reservoirs of wind-

hydro-thermal systems.  
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The hybrid NSGA III/DD model described in Chapter 4 is designed to tackle the 

GTMS problem in a wind-hydro-thermal multi-node system, considering 

integer and real variables related to thermal units’ generation and 

availability, water storage in reservoirs, water turbinated by hydroelectric 

generators, and system cost-to go functions related to the use of the water in 

the future and its economic impact in the present. At the same time, the 

model allows tackling the maintenance scheduling problem in multi-reservoirs 

systems, taking advantage of the decomposition properties of the DD 

optimization technique.  

 

 Contribution 5: Industry practices to tackle the GTMS problem considered 

in the models. 

 

A further contribution of this thesis is the incorporation of current 

maintenance practices in the industry to the three hybrid models proposed 

and developed. As stated in Chapter 2, most of the multi-objective 

optimization techniques proposed to tackle the GTMS problem in the academia 

deal with maximizing system reliability or minimizing operation cost. 

However, Independent System Operators (ISO) in the electricity industry are 

concerned with keeping high reliability and minimizing the operation cost of 

the system at the same time, while determining the best generation and 

transmission MS scenarios for a given period. Even though the financial health 

of utilities is of importance to the system, the main concern of the ISO is most 

of the time focused on ensuring a reliable and cheap supply of electricity, 

under any MS scenario. The hybrid models developed provide the ISO not with 

one, but with a set of non-dominated feasible MS solutions. What is more, this 

set can be used by the ISO as a portfolio of MS scenarios among which the best 

can be selected using TOPSIS. This decision-making tool can be adjusted in 

such a way that its weighting factors reflect the priorities of any Electricity 

Regulation Agency (ERA) towards a system. At the same time, if any GENCO 

or TRANSCO has an observation with the MS selected, the ISO can choose 

another MS scenario from the portfolio as good as the previous one in terms 

of operation cost and adequacy index. 
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 Contribution 6: Three papers written describing the results obtained from 

applying the novel hybrid models to tackle the GTMS problem 

corresponding to each scenario. 

 

During the elaboration of the research project, three papers were written: 

The first, titled “Hybrid NSGA II/Lambda-Iteration Approach to Generation 

Maintenance Scheduling”, has been sent to MPDI journal and presents the 

results obtained from solving the GMS problem in a single-node thermal power 

system. The second paper, titled “Hybrid   NSGA III/Dual Simplex Approach to 

Generation and Transmission Maintenance Scheduling”, has been presented 

to the International Journal of Electrical Power and Energy Systems and shows 

the results got from solving the GTMS problem in a multi-node thermoelectric 

power system. The third paper, titled 

“Hybrid NSGA III/Dual Simplex Approach to Hydro-Thermal Generation and 

Transmission Maintenance Scheduling”, has been sent to the IEEE PES Journal 

and presents the results obtained by solving the GTMS in a multi-node wind-

hydro-thermal power system considering hydro generation from cascade units 

with water storage reservoirs. All these publications are still under review. 

 

Finally, the present research project does not intend to tackle a maintenance 

scheduling problem with a particular MOEA, as previous contributions described in 

Chapter 2 have already done. The main contribution of the research lies in the 

novel combination of MOEAs and classical optimization techniques to obtain a set 

of non-dominated MS solutions for a quite difficult problem, with almost 

intractable characteristics, as the GTMS problem. This set of feasible solutions 

can be used by planners and decision-makers in a deregulated electricity industry 

to identify the best MS or use the set as a negotiation tool to agree with utilities 

on a final MS solution. 

 

7.3 Recommendations for future work 
 

Six suggestions are made in this final section in respect of possible future work 

following the research findings reported in this thesis.  
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a) Incorporating stochastic reliability measures in a GTMS model formulation. 

 

An important aspect not included in the scope of this thesis is the risk of 

generators and transmission facilities failures. Including a more explicit measure 

in the GTMS problem regarding the risk of failure of power system components 

could be an interesting avenue of future investigation. Many such measures exist 

in the GTMS literature, such as the loss of load probability (LOLP) or energy not 

served (ENS). For example, it is recommended to incorporate the risk of 

generators and transmission line unplanned failure as an objective function to be 

minimized. Some of these measures could also consider the prediction errors of 

the demand forecast, not the focus of this project. 

 

b) Including fuel and emission constraints into the GTMS models. 

 

As mentioned in Chapter 2, there are also some GMS model formulations that 

incorporate fuel consumption and emission constraints. Adding these constraints 

may increase the problem realism in terms of estimating fuel consumption and 

greenhouse gasses emitted to the atmosphere by thermal units. However, this 

addition should be weighed up against the considerable increase in computing 

time required to find feasible MS solutions by solving the GTMS problem with the 

hybrid models. 

 

c) Improving the computing time of the algorithms designed. 

 

As it could be inferred, as the number of variables increases in the scenarios 

developed, the hybrid models took more time to find the best non-dominated MS 

solutions to the GTMS problem. The main reason for this, is the time expended by 

MATLAB to solve the system operation cost minimization optimization problem, 

and the time required by NSGA II and NSGA III to find non-dominated solutions in 

a GTMS problem with five objective functions. This means that there are two 

issues related to computing time and scalability of the problem that need to be 

tackled to improve the hybrid models proposed. In that sense, first, it is suggested 

to use other optimization software/language, like GAMS and C++, which have 

better performance and require less RAM capacity to solve optimization problems. 

What is more, it is recommended to use improved versions of the NSGA III 
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technique, like the ones stated in [143], [144], and [145]. These NSGA III versions 

have better non-dominated algorithms and upgraded operators that achieve 

diverse results closest to the best non-dominated solutions space more efficiently. 

These operators maintain an elite population archive to preserve previously 

generated elite solutions that would probably be eliminated by a normal NSGA-

III’s selection procedure and can be applied to many-objective test problems with 

3 to 15 objective functions.  Another alternative way forward is to use parallel 

computing techniques in NSGA III, where fitness evaluations and the optimization 

process can be very time-consuming. A typical approach is to use ‘‘divide-and-

conquer” strategy and clustering techniques to parallelize NSGA III and improve 

the speed of convergence [147]. Finally, to tackle the scalability issue, a 

cooperative coevolution framework capable of optimizing large-scale GTMS 

problems can be used. Coevolution is the process of reciprocal genetic change in 

one species, or group, in response to another. This framework uses a “divide-and-

conquer” approach as well, to split the decision variables into subpopulations of 

smaller size so that each of these subpopulations can be optimized separately with 

a MOEA, as NSGA II or NSGA III [148]. 

 

d) Including GENCOs maintenance resources in the GTMS 

 

GENCOs and TRANSCOs can assign limited resources to carry out maintenance 

works in their facilities. It would make the GTMS problem more realistic if 

additional constraints related to crew, tools, and spare parts availability, and 

parallel maintenance works requirements for certain electricity facilities could be 

included in the formulation. If the effect of the costs of these constraints is 

considered, GENCOs’ profits can be severely affected. For instance, adopting 

these constraints may lead to instances, especially during periods of high demand 

and prices, when most generators are operating, and idle crew or maintenance 

resources not being used may generate a cost to the GENCOs, even when no 

maintenance is taking place.  

 

e) Employing other stochastic techniques to deal with renewable energy 

variations.  
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Other stochastic techniques might perform better than Monte Carlo simulation to 

predict wind speeds and water inflow to reservoirs in hydroelectric power stations 

considering historical data available. As stated in Chapter 2, auto-regressive 

models and neural network techniques are available in the literature to deal with 

these stochastic variables. The main challenge though is to include these 

techniques directly to the model, so that the effect of water inflows and wind 

speeds forecasts may be evaluated in the MS solutions found. This will make the 

GTMS models better able to deal with real-life power systems that operate in a 

deregulated electricity market environment, with the advantage of considering 

varying renewable energy resources. 

 

f) Carrying out sensitivity analysis and statistical tests on the results. 

 

Even though the two hybrid models proposed to solve the GTMS problem in the 

two multi-node power system scenarios are free of reproduction operator’s 

parameter tuning due to their self-adaptive capabilities, still statistical and 

sensitivity analysis needs to be carried out on the results after many runs of the 

models under different size of population and number of iterations. For that 

purpose, statistical tools, like the running and performance metrics detailed in 

[95], [64], [60], [61], and [62], can be used to evaluate the quality of the non-

dominated MS solutions considering convergence and diversity criteria. 
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APPENDIX 1 

 

TECHNIQUE FOR ORDER PREFERENCE BY SIMILARITY TO 

THE IDEAL SOLUTION METHOD (TOPSIS) 

 

Multi-criteria decision making refers to making choice of the best alternative from 

a finite set of decision solution alternatives in a multi-objective optimization 

problem (MOOP) with conflicting objectives [104]. Multi-criteria decision making 

involves the following activities:  

 

 Determination of a set of optimal solutions ranked according to their fitness 

value. 

 Applications of a criteria to quantify the importance each objective inside the 

problem will have in the final optimal solution. 

 Use a Multi-criteria decision-making tool to find the optimal final solution. 

  

Multi-criteria decision-making tools help a decision-maker to select the best 

solution or individual after solving a MOOP. Several multi-criteria tools are 

described in reference [105]. Their application depends on the nature of the 

MOOP, their internal consistency and transparency, their implementation 

characteristics, and data requirements. 

 

The present thesis focuses on the Technique for Order Preference by Similarity to 

the Ideal Solution method (TOPSIS), described in [103], since it can work with a-

posteriori MOEAs. TOPSIS selects the individual (solution) with its objective 

function’s values closest and farthest from the best and worst solutions, 

respectively. TOPSIS is based on information regarding the values of the objective 

functions and the weights the decision-maker assigns to each of them. The TOPSIS 

procedure is performed in six stages as follows: 

 

a) For every individual in a population, normalize its objective functions using 

equation (A1.1) and store the results in a Normalized decision matrix. 
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                                       𝑓መ௡,௠ =
௙೙,೘

ට∑ ௙೛,೙
మಿ೛

೙సభ

                                      (A1.1) 

 

Where: 𝑓መ௡,௠  Normalized objective function 𝑚 of individual 𝑛. 

             𝑓௡,௠ Objective function 𝑚 of individual 𝑛. 

 

b) Determine that weighted normalised matrix by applying the previously defined 

weight factors to every objective function. 

 

                                          𝑣௡,௠ = 𝑓መ௡,௠ ∗ 𝑤௠                                (A1.2) 

 

Such that:                          ∑ 𝑤௠
ே௢
௠ୀଵ = 1                                    (A1.3) 

 

Where: 𝑣௡.௠  Weighted normalized objective function 𝑚 of individual 𝑛. 

             𝑤௠  Weight of objective function 𝑚. 

 

c) Find the best ideal and worst ideal objective function. To do this, consider the 

type of each objective function in the problem. If the objective function is to 

be maximized, then the ideal best and the ideal worst corresponds to the 

maximum and minimum value of the objective function in the population, 

respectively. The inverse happens if the objective function is to be minimized. 

 

𝑣௠
ା = ቊ

 𝑀𝑎𝑥൫𝑣ଵ,௠, 𝑣ଶ,௠, 𝑣ଷ,௠, … 𝑣௡,௠, … , 𝑣ே௣,௠൯      ;        𝑖𝑓   𝑚: 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛

𝑀𝑖𝑛൫𝑣ଵ,௠, 𝑣ଶ,௠, 𝑣ଷ,௠, … 𝑣௡,௠, … , 𝑣ே௣,௠൯        ;        𝑖𝑓    𝑚: 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛
  (A1.4) 

 

𝑣௠
ି = ቊ

 𝑀𝑖𝑛൫𝑣ଵ,௠, 𝑣ଶ,௠, 𝑣ଷ,௠, … 𝑣௡,௠, … , 𝑣ே௣,௠൯      ;        𝑖𝑓   𝑚: 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛

𝑀𝑎𝑥൫𝑣ଵ,௠, 𝑣ଶ,௠, 𝑣ଷ,௠, … 𝑣௡,௠, … , 𝑣ே௣,௠൯      ;       𝑖𝑓    𝑚: 𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛
   (A1.5) 

 

Where:  𝑣௠
ା  Best ideal solution corresponding to objective function 𝑚. 

             𝑣௠
ି  Worst ideal solution corresponding to objective function 𝑚. 

 

d) For every individual, measure the Euclidean distances from the best ideal and 

worst ideal solution to each of the individual’s objective function values using 

the equation shown below: 
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        𝐷௡
ା = ට∑ ൫𝑣௡,௠ − 𝑣௠

ା൯
ଶே௢

௠ୀଵ                  ;       𝑛 = 1,2, … . , 𝑁𝑝                          (A1.6) 

        𝐷௡
ି = ට∑ ൫𝑣௡,௠ − 𝑣௠

ି൯
ଶே௢

௠ୀଵ                  ;        𝑛 = 1,2, … . , 𝑁𝑝                          (A1.7) 

 

Where: 𝐷௡
ା  Distance from best ideal solution corresponding to individual 𝑛. 

            𝐷௡
ି  Distance from worst ideal solution corresponding to individual 𝑛. 

 

e) Calculate the performance score for every individual in a population, using the 

distances calculated in the last step using equation (A1.8): 

 

                                 𝑃௡ =
஽೙

ష

஽೙
శା஽೙

ష                                                                     (A1.8) 

 

where 𝑃௡ is the performance score of individual 𝑛. 

 

f) Rank all individuals in the population according to its 𝑃௡ value from the highest 

value to the lowest. The best result corresponds to the individual with the 

highest 𝑃௡, the next best to the individual with the next highest 𝑃௡ value and so 

on. 

 

TOPSIS is a simple, rational, and comprehensible method, suitable for MOOP with 

many objective function and individuals and especially where objective functions 

values are available for decision making [103]. What is more, it is computationally 

efficient and accounts for both the best and worst objective functions in a 

population to measure the relative performance for every individual in a simple 

mathematical way [146]. However, for using TOPSIS the weights of each objective 

function must be defined before-hand, so the determination of the best individual 

depends largely on the judgment made by the decision-maker when assigning 

these weights.  
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APPENDIX 2 

RENEWABLE GENERATION DATA 

 

Table A2.1 Average weekly wind speed for wind farm 2 (m/s) [135]. 
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Table A2.1 (Cont.) Average weekly wind speed for wind farm 2 (m/s) [135]. 
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Table A2.2 Average weekly wind speed for wind farm 1 (m/s) [135]. 
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Table A2.2 (Cont.) Average weekly wind speed for wind farm 1 (m/s) [135]. 
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Table A2.3 Weekly hydrological series for reservoir 2 (m3/s) [135]. 
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Table A2.4 Weekly hydrological series for reservoir 1 (m3/s) [135]. 
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Table A2.5 Weekly hydrological series for reservoir 3 (m3/s) [135]. 
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Table A2.6 Weekly hydrological series for reservoir 4 (m3/s) [135]. 
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Table A2.7 Weekly hydrological series for reservoir 5 (m3/s) [135]. 
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APPENDIX 3 

RESULTS FOR THE THERMAL SINGLE-NODE SYSTEM SCENARIO 

 

Table A3.1 Generation maintenance schedule non-dominated solutions (starting 

week). 
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Table A3.1 (Cont.) Generation maintenance schedule non-dominated solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A3.2 Objective Functions’ values for non-dominated solutions 

 
Note. - Individual highlighted correspond to the best maintenance schedule found using TOPSIS. 
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Table A3.3 Generation power outputs for best maintenance schedule solution (MW). 
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APPENDIX 4 

 

RESULTS FOR THE MULTI-NODE THERMAL SYSTEM SCENARIO 

 

Table A4.1 Non-dominated generation maintenance schedules solutions (starting 

week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A4.1 (Cont.) Non-dominated generation maintenance schedules solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A4.2 Non-dominated transmission maintenance schedules solutions (starting 

week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A4.2 (Cont.) Non-dominated transmission maintenance schedules solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A4.3 Objective Functions’ values for non-dominated solutions.

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A4.4 Thermal generators weekly power outputs for best maintenance schedule solution (MW). 
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Table A4.5 Weekly power flows for best maintenance schedule solution (MW). 
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Table A4.6 Weekly power losses for best maintenance schedule solution (MW). 
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Table A4.7 Weekly electricity nodal prices for best maintenance schedule solution (US$/MWh). 
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APPENDIX 5 

RESULTS FOR THE MULTI-NODE WIND-HYDRO-THERMAL 

SYSTEM SCENARIO 

 

Table A5.1 Non-dominated generation maintenance schedule solutions (starting 

week) 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A5.1 (Cont.) Non-dominated generation maintenance schedules solutions 

(starting week). 

 
Note.- Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A5.1 (Cont.) Non-dominated generation maintenance schedules solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A5.2 Non-dominated transmission maintenance schedules solutions (starting 

week). 

 
Note.- Individual highlighted corresponds to the best maintenance schedule found using TOPSIS.
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Table A5.2 (Cont.) Non-dominated transmission maintenance schedules solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS.
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Table A5.2 (Cont.) Non-dominated transmission maintenance schedules solutions 

(starting week). 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS.
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Table A5.3 Objective Functions’ values for non-dominated solutions. 

 
Note. - Individual highlighted corresponds to the best maintenance schedule found using TOPSIS. 
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Table A5.4 Thermal generators weekly energy output for best maintenance schedule solution (GWh). 
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Table A5.5 Hydro generators weekly water turbinated for best maintenance schedule solution (Hm3). 
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Table A5.6 Weekly energy flows for best maintenance schedule solution (GWh). 
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Table A5.7 Weekly energy losses for best maintenance schedule solution (GWh). 
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Table A5.8 Weekly electricity nodal prices for best maintenance schedule solution (US$/MWh). 
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